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EXECUTIVE SUMMARY

In the last ten years, departments of transportation and other transportation planning and
service agencies have begun using passive data products derived from various mobile
technologies that reveal the time and location of personal devices and are resold by commercial
data vendors for transportation system evaluation and service planning. These data promise to
enhance or replace legacy data collection efforts. However, the proliferation of technologies and
vendors in this space have made it difficult for transportation agencies to understand both what is
available, and what might be possible or feasible with these data.

This report summarizes an extensive review of academic and professional research making
use of third-party data products available to transportation agencies. In particular, the review
focused on studies conducted with Bluetooth receivers, Global Positioning System (GPS)
devices, and mobile device data (MDD) obtained through cellular networks and location-based
services embedded in smartphone applications. The review considers the specific applications of
the data products seen within the literature, the sample size reported or inferred within the
reviewed studies, and summarizes success or failure of the attempted applications. The review
also contains a summary of the underlying technologies, including inferred and known sources of

bias or incompleteness.

The collective efforts of the many researchers compiled in this document show that each
technology has particular strengths and weaknesses. In general, Bluetooth excels in projects of a
temporary nature such as construction corridor planning, as well as targeted cordon studies that
focus on the entry and exit of individuals within a selected perimeter. Bluetooth can be
permanently installed and is often used in real-time applications such as travel-time prediction on
highways. Bluetooth falls short in its ability to obtain the true origin and destination of individual
trips. GPS technology is highly accurate and precise, and therefore excels in studies that require
individual route traces, such as network construction and travel-time studies. Due to the lower
penetration of GPS devices across an unbiased population, the technology may be unable to
identify wider behavioral information. By contrast, the widespread proliferation of mobile device
data (MDD) promise a wider and less biased view of population travel patterns, though the



aggregation of data from multiple sources and the coarse temporal resolution of these data limits

the precision of studies conducted at small scales.

The recommendations of this report are based on the previously described review of the
literature as well as on personal interviews with prominent researchers identified in the review.
The central finding of the report is that entirely replacing legacy data collection methods is not
likely to result in the best outcomes for UDOT or other agencies. Rather, passive data products
can be most useful to agencies that use them as a supplement to existing and ongoing data
collection efforts. The passive data can provide scale and context, which can be validated and
compared against trusted if relatively expensive active collection methods. It is in the best
interest of UDOT to carefully analyze project goals and identify which passive data source may

be used to achieve multiple Department purposes. Specific recommendations include:

1. UDOT staff need to be aware of the source technologies of third-party data sets, along
with their strengths and weaknesses.

2. UDOT should develop consistent data validation routines to identify the inherent
accuracy of purchased data products, and regularly evaluate new data purchases.

3. UDOT should investigate using permanent Bluetooth receivers to measure travel times
between points on key corridors. This may be particularly useful in places where GPS
and cellular reception might be unreliable, such as in canyons.

4. UDOT should not rely on permanent or temporary Bluetooth receivers to analyze trip
origins, destinations, routes, or volumes outside of well-defined cordon studies or
institutional settings.

5. UDOT should use GPS data to develop a more complete picture of freight movements
in and through the state.

6. UDOT should continue to investigate the use and applications of aggregate GPS data in
determining speeds on roadways.

7.  UDOT should work to develop an integrated transportation planning approach that
relies on the relative strengths of household travel surveys as well as third-party origin-
destination data derived from LBS.

8. UDOT should avoid relying on a single vendor or data source for any of its analyses,

rather developing processes that make use of multiple data inputs.



CHAPTER 1 - INTRODUCTION

1.1 Problem Statement

In the last decade, a number of departments of transportation and other transportation
planning and service firms have begun using data that is collected, aggregated, and resold by
commercial third-party firms. These firms have developed business models centered around
passive data, as the data are passively generated as a result or byproduct of other processes.
These processes may include but are not limited to Bluetooth devices searching for receivers to
connect with, vehicle drivers navigating with the aid of the Global Positioning System (GPS),
cellular phones connecting with network towers, and individual smartphone users using location-
based services within their phones. In each of these examples, individual device users reveal
their position in space at a defined point in time; on aggregate and with sufficient volume, the
collected data can be highly valuable for maintaining and planning transportation services.

The term passive data thus stands in contrast to active data collection methodologies and
systems traditionally operated by departments of transportation. These active systems include
traffic counting regimes using manual traffic counts or automatic counters, travel-time studies
using probe vehicles, household travel surveys, vehicle intercept surveys, and other ongoing
efforts. These data collection and management efforts can be expensive and therefore sparse or
infrequent. By leveraging passive data, departments of transportation hope to supplement or even

replace these legacy data collection systems.

However, the wide variety in the technologies underlying passive data, and the proliferation
of firms aggregating and reselling this data, make it relatively difficult for departments of
transportation to evaluate and discriminate between vendors. This task is made more difficult by
the opaque sourcing and proprietary algorithms employed by numerous vendors. The Utah
Department of Transportation (UDOT) therefore desired a review of academic and professional

research employing various types of third-party data.

1.2 Objectives
The purpose of this project is to review the uses of passive third-party data products available
to UDOT and other departments of transportation. This includes a discussion of the underlying



technologies, how the technologies’ specific strengths and limitations lend themselves to studies
of different kinds, and a literature review identifying classes of studies that have been attempted

with each technology.

1.3 Outline of Report

The report proceeds with one chapter for each technology used by passive data providers.
Each chapter includes a description of the technology, a review of studies in the literature that
have used that technology, and recommendations to UDOT and other departments of
transportation related to that specific technology. The final chapter includes recommendations in

the context of the entire report, including a catalog of data vendors and technologies.

Introduction: this chapter
Bluetooth

Global Positioning System (GPS)
Mobile Device Data (MDD)

Conclusions and Recommendations
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CHAPTER 2 - BLUETOOTH

2.1 Overview

Bluetooth is a short-range, radio-based communication protocol that allows pairs of
authenticated devices to send limited amounts of data between each other, with one device
referred to as the transmitter and the other referred to as the receiver. Applications of this
technology include wireless headphones that connect with mobile telephones, or mobile
telephones that connect with in-car audio and information systems. In order for Bluetooth-
enabled devices to find each other, transmitter devices constantly broadcast their Media Access
Control (MAC) address, an identifier unique to each Bluetooth device. When enabled, Bluetooth
devices are continually emitting and searching for Bluetooth signals. Bluetooth receiver units,

which are set up by the DOT or its contractors, constantly scan for incoming MAC addresses.

Transportation analysts have exploited this feature of Bluetooth technology to conduct
transportation studies. Specialized Bluetooth receivers can be configured to log all devices that
ping against them, and the timestamp of each ping. If a device with its Bluetooth functionality
engaged passes within the effective radius of a specialized receiver, the receiver can detect the
device without line of sight and through solid objects. By tracing which devices ping against a
set of spatially dispersed receivers, transportation analysts can reconstruct travel times between

receivers, and route choices through a network.

This chapter begins with an overview of Bluetooth technology that informs a subsequent
review of transportation studies conducted using Bluetooth devices. We then synthesize strengths
and weaknesses of using Bluetooth data, or scenarios in which it would be appropriate or not

based on our observations and lessons learned from the literature review.

2.2 Bluetooth Technology

Bluetooth originated in the late 1990s and has been under continuous development ever since
(Bluetooth SIG, 2020). Bluetooth 1.0 was released in 1999 with a maximum range of 33 feet
which was improved to 200 feet in version 2.0. By 2011, Bluetooth 4.0 could reach a range of
200 feet and version 5.0, released in 2016 was able to reach 800 feet (“Bluetooth,” n.d; Triggs,
2018). As of August 2020, Bluetooth 5.2 is the newest version of Bluetooth software available



on the market. Bluetooth has improved in its range, data transfer rates, and other features as a
function of advances in both signal processing technology and electrical device manufacturing
and design. Previous to version 5.1, only the approximate location of a transmitter could be
determined from within a receiver's range radius. Bluetooth 5.1 introduced algorithms that
enable the receiver to determine the angle of arrival and angle of departure for signals to and

from a transmitter device, potentially locating a transmitter to within inches (Hollander, 2019).

Currently Bluetooth 5.0+ has an extreme maximum transmission range of around 780 ft
based on the signal processing technology used, and individual Bluetooth devices may or may
not have the power necessary to transmit over the maximum range. Despite the advancements of
Bluetooth range, each device is limited by its particular sub-class. There are three primary
classes of Bluetooth devices with varied ranges. Class 1 has an expected range of 333 ft. Class 2
— which is most common in wireless headsets and smartphones — has a range of 33 ft. Lastly,
Class 3 has a 3-foot range (Samsung, 2018; Rescot, 2011). Zinner (2012) indicates that class 3
devices are usually not detected because of their short range. The class of a device is important
because Bluetooth receivers installed by DOTSs require a certain range in order to detect a device
at all. There is also a tradeoff between data transfer rate and range. An increased range would
mean a lower data transfer rate which could be a limiting factor for maximum Bluetooth range
(Cross, 2018; “Bluetooth,” n.d.).

Bluetooth’s low power consumption and relative security has led to its use as a prominent
technology in consumer devices, with the average American owning approximately 4.4
Bluetooth devices, and 5.5 billion devices are projected to ship to the United States in 2021
(Karr, 2016). Bluetooth in highway vehicles is found not only in occupant devices, such as
smartphones and in-car entertainment systems, but also in vehicle status and operation
equipment. Modern tire-pressure monitoring systems and anti-lock brakes communicate with
computers inside a car using Bluetooth (Vasantharaj & Krishnamoorthy, 2016). This means that
Bluetooth receivers on the side of the road can collect Bluetooth MAC addresses from vehicles
even at times when user devices are not engaged. It also means that a receiver device may record

multiple unique device hits from a single vehicle.



2.3 Transportation Studies Using Bluetooth Data

Transportation analysts can install Bluetooth receiver units and configure them to log the
time when a transmitter device passes through the receiver’s detection area. This combination of
unique device position and time information has been useful to transportation analysts in several

different kinds of studies, which we have grouped into three general applications:

1. Travel-Time Studies
2. Cordon Analysis
3. Path and / or Activity Analysis

Schematics of the Bluetooth device configuration necessary to conduct each type of study are
given in Figure 1. As shown, the requisite number and density of Bluetooth receivers increases

with each study.

g

.

_ _

[ Travel Time ] [Cordon Analysis] [ Path Analysis]

Figure 1. Diagrams showing the different receiver arrangements for various studies.

2.3.1 Travel-Time Studies

Cities and state departments of transportation can use Bluetooth on roadways to measure

travel times. These systems are widely used in North America, and services from many
companies exist. This section will describe how travel times have been used in various
applications. Figure 2 depicts a simple travel-time setup on a highway. To obtain travel times, a
minimum of two receivers must be deployed and a Bluetooth device must be detected at two or

more separate receiver units.
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Figure 2. Diagram showing a basic travel-time setup.

Pairs of Bluetooth receivers installed on highway segments can determine travel times of
passing vehicles. In Oregon, Porter (2011) tested various Bluetooth receivers on different
segments of highway. In their various experiments they discovered a tradeoff existed between
timestamp accuracy and penetration rates. Penetration rates refer to the number of vehicles
detected out of the entire population. See Table 1 for a list of penetration rates of all major
Bluetooth studies in this literature review. Porter (2011) determined that individual
circumstances may require variations of receiver units to obtain accurate travel times. In
Australia, Blogg et al. (2010) set up receivers at intersections surrounding a major freeway.
Throughout the study, the researchers reported long queues at traffic signals before traffic could
enter the freeway. This research also found consistently higher penetration rates when compared
to other studies. It was observed that the longer an individual resided within a Bluetooth receiver
radius, the more likely a Bluetooth device would be detected. This study outlines the strong
correlation between setup of receivers and higher penetration rates. They confirmed that
Bluetooth is a reliable method of obtaining travel times on highways. In Kansas, Rescot (2011)
compared Bluetooth travel times to a GPS-equipped probe vehicle. The researcher deployed 10

portable receivers on a highway segment to identify Bluetooth travel times. Data collected from



a probe vehicle traveling at free-flow speed was used as a comparison to the Bluetooth receiver
data. Travel times on a 6.5 mile stretch of highway were on average 32 seconds greater with
Bluetooth data than with GPS probe vehicle data, but they still determined that Bluetooth was a
viable performance measure for identifying travel times on freeways. Both data sources were
collected before and after an upgrade was made to a traffic signal’s hardware. It was noted that
the portable Bluetooth receivers were susceptible to battery failure and subsequent data outages.
On several occasions, there were no Bluetooth devices detected for multiple hours. The lack of
Bluetooth detections over several hours prevented most comparisons with the GPS probe
vehicle, but when comparison was made to the GPS probe vehicle data, it was noted that
Bluetooth data consistently had longer travel times which indicates slower movements through
the corridor. Also, the Bluetooth data indicated consistently longer travel times after changes to
the intersection. From these findings it is recommended that further research be conducted into

determining why travel times are longer for Bluetooth data.

Accurate travel-time data can be put into dynamic traffic models and used to forecast travel
times. Near Barcelona, Spain, Barceld et al. (2010) confirmed the reliability of travel-time
estimations from Bluetooth MAC timestamps. Like most studies, when a unique MAC address is
detected by a receiver at two separate locations, an average speed between those two points can
be estimated. To detect future travel times, the researchers input mixed historical travel-time
records and real-time Bluetooth speeds into a multi-step algorithm. The researchers concluded
that forecasted travel times closely resembled the actual travel times. This paper confirms that
travel-time forecasts can be determined from a mix of historical data and real-time Bluetooth
data.

In a similar study, Haseman et al. (2010) used travel times collected by Bluetooth receivers
to predict delay in a construction zone. Travel times were collected at the beginning and end of
the work zone. Data was used in real-time to estimate flow of traffic and subsequent delays. The
delay estimation was sent to automatic traffic messaging signs to warn upstream traffic. They
found that early warnings had little effect on alternative routes selected by drivers. If message
boards instructed individuals to select an alternative route, early warnings had a greater effect.

Analysis revealed a correlation between accidents and increased delay time within work zones.



Organizations can use real-time trip data to mitigate congestion on freeways during construction,

rush hours, natural disasters, and emergencies such as car accidents.

Bluetooth can be used as a validation tool for signal coordination changes. Results from
manual counts, which are traditionally used as validation, can be expensive and slow to obtain.
Bluetooth can collect data accurately, quickly, and economically, after adjustments are made on
any corridor. Kim et al. (2014) used receivers to detect travel times before and after changes
were made to traffic signals. Day et al. (2010) used Bluetooth travel times to validate changes
made for signal coordination. After analyzing collected Bluetooth data, the researchers
confirmed that commuters saved an average of 1.9 minutes from the signal coordination
adjustments. This analysis tool was validated using manual counts. These studies provide
evidence that Bluetooth can be used as a supplemental analysis tool to identify before-and-after
changes to signal timing changes.

To measure the effectiveness of traffic control devices (TCDs), Kim et al. (2014) set up
receivers at a three-way stop T-intersection. The aim of this study was to determine how TCDs
affect travel time through a region. Kim et al. (2014) noted that travel times were often
underestimated by an average of 1.2 seconds. This information could be used as performance
measures for analyzing the effectiveness of TCDs. Like the Day et al. (2010) study, reducing the

need for manual counts could reduce error, costs, and time to complete an analysis.

Emphasis on active transportation makes mode differentiation increasingly important to
agencies. Knowing the movements of cyclists and pedestrians allows agencies to target future
projects as the needs of cyclists and pedestrians differ from automobiles. In many instances the
needs for separate bike lanes and convenient pedestrian walkways are of lower priority than
automobile projects. Active modes may mitigate environmental concerns and possibly help with
urban congestion. Differentiated data could identify where improvements are needed and reveal
future projects that will encourage the use of active modes. Bathaee et al. (2018) and Kim et al.
(2014) used travel times to differentiate modes. These two papers found that Bluetooth could
accurately differentiate between vehicles, pedestrians, and cyclists in most conditions. These
related papers used clustering methods such as grouping behaviors that were similar for a

particular mode. Their work excluded accidents and weather events. Further research should be

10



conducted to include unaccounted-for factors such as dense urban environments where
signalized intersections may blur mode choice because speeds are similar between modes. The
inherent issue with basing mode differentiation on travel times occurs when traffic signals or
congestion are present. In these situations, bicycles and pedestrians could travel quicker than a
vehicle. The current algorithm does not account for these urban conditions. Findings indicate that
other methods exist such as StreetLight Data (2019) that use mobile device data combined with
machine learning techniques in place of travel times. Further research should be done to
determine the best methods for mode differentiation.

2.3.2 Cordon Analysis

Several studies have conducted research to prove the effectiveness of using Bluetooth cordon

techniques to find Origin-Destination (O-D) information. Although this is not a true O-D as it
lacks the actual starting and ending points of a majority of individuals, it does provide entry and
exit tracking data from within a specified cordon or perimeter. Figure 3 represents a typical
cordon study which has an outer perimeter with receivers at entry and exit points along that
perimeter. In this example, not all entry and exit points have a receiver which will result in
missed vehicle detections. This paper uses the term “bleed-off” to refer to when a device exits or

enters through an unmonitored point.

11
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Figure 3. A basic cordon with four Bluetooth receivers.

Bluetooth can be used to obtain O-D information. In Oregon, Kim et al. (2014) successfully
obtained around 6% penetration rate on a rural cordon. Several receivers were deployed on major
roads surrounding a rural town. By deploying multiple receivers at one location, they found that
Bluetooth receivers often failed to detect Bluetooth devices. A receiver directly across a wide
road often did not detect a vehicle when the adjacent receiver did. This highlights the need for
agencies to carefully install receivers on wider roads. They were successful in obtaining O-D
information that could be interpolated to obtain traffic count estimations. The author did not
specify if they were successful in obtaining counts or volumes, but they were successful in

obtaining O-D information.

Bluetooth can track the O-D of traffic on and through highway networks. Barcelo et al.
(2010) found mixed results on a cordon study surrounding a highway. Each on and off ramp was
fitted with a receiver to track the vehicle location along a highway in Spain. The researcher
successfully implemented algorithms to determine travel-time forecasts. When the researcher
tried to apply the same method to a cordon, they found mixed results. In free-flow traffic the
method worked, but congestion caused the method to fail. They concluded that future research

was needed to refine their method for use on highway cordon studies. Chitturi et al. (2014) used

12



aerial photography time lapse to validate Bluetooth data on a clover leaf overpass. Although
slightly less accurate, they found that Bluetooth was a reliable method for tracking O-D pairs.
Similar to Barcel0 et al. (2010), each exit and entry point was fitted with a receiver. The
researchers discovered that penetration rates from Bluetooth data were generally lower than
photographic methods, but Bluetooth was cheaper and provided similar results. It was also noted
that studies using temporary Bluetooth installations could easily be lengthened with little or no
additional cost. If the study is reliant on manual counts the study may not be lengthened due to
budget constraints. Bluetooth receivers, on the other hand, simply need to be left out for longer
periods of time, if needed. These studies have identified that Bluetooth can be used to track the

O-D of vehicles through a highway network.

Bluetooth has been used to estimate traffic counts at traffic circles. A case study in Rescot
(2011) described a traffic count study at two traffic circles. One traffic circle had four approach
lanes while the other had five. A Bluetooth receiver was placed at each approach to identify O-D
as well as traffic counts. The results of Bluetooth traffic counts were inconclusive after being
compared with manual traffic counts. At one traffic circle, results were deemed acceptable and
the other traffic circle had opposing results. Although traffic counts were inconclusive, the
researcher was able to obtain accurate O-D data from the cordon study. Further research should

be conducted to see the effectiveness of a traffic count study at a roundabout.

Obtaining current traffic patterns can aid in predicting the impact of a proposed development.
In Turkey, Yucel et al. (2012) conducted a cordon study surrounding a proposed hospital site. A
large vacant lot was surrounded by a busy road with many intersections. The researchers set up a
partial cordon that covered approximately half the circle around the vacant lot. They failed to
produce a reliable cordon as there was a low penetration of O-D pairs. This is likely caused by
high bleed-off to side roads and the failure of receivers to re-detect MAC addresses. This study
outlines the importance of the correct placement of receivers, and of having a receiver at every

possible entry and exit point.

2.3.3 Path Analysis
At times it is beneficial to understand the unique traces through a cordon perimeter. Not only

IS an outer perimeter set up, but receivers are placed within the cordon to track exact movements
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within a region. In some instances, pedestrians are tracked, and duration of stay can be
determined by timestamps collected within the cordon. Figure 4 depicts a path analysis from
specified points residing on the cordon perimeter. In a path analysis study, we are concerned

about how a device travels within a cordon as well as when a device enters and exits the system.
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Figure 4. A setup with receivers located inside a cordon to determine specific traces.
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For one-day events that temporarily increase local traffic, it can be beneficial to understand
the paths chosen to exit a region. In another case study, Rescot (2011) investigated how the
University of Missouri could mitigate congestion following significant sporting events. Multiple
highways surround the university and event planners wanted to know what percentage of traffic
went north, east, and south. Starting at the sports complex, twelve Bluetooth receivers were set
up to form a partial 2.5-mile radius perimeter around the University. A smaller perimeter around
the sports complex was also set up. Travel times and route choice could be determined from
observing traffic dissipate from the smaller perimeter to the outer perimeter. The setup of two
perimeters allowed researchers to determine the percentage of fans who went in each direction.
Video surveillance was used to validate license plates and confirm O-D pairs. This experiment

had high bleed-off because of the high number of alternative routes available. The study obtained
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a total average penetration rate of 6%. Although travel time and O-D identification closely
resembled traditional methods, it was noted that the processing of Bluetooth data was
significantly easier than organizing manual counts. The study could be extended without
increasing the effort to process data. This study could help with mitigation strategies when
single-day events occur. Understanding where the majority of individuals will travel can allow

for better signal coordination and other congestion mitigation strategies.

Complex analysis of routes through a cordon can be obtained using Bluetooth data. Jackson
and Dichev (2014d) also used video surveillance as a validation source and found that Bluetooth
cordon data closely resembled the more costly automatic number-plate recognition technique.
This study used one of the most extensive Bluetooth cordons to date. One hundred and ten
devices were deployed to encircle the London congestion charge zone. The researchers set up
two external loops to better capture all vehicles for their path analysis study. The use of 110
receivers resulted in one of the highest penetration rates in this literature review and was able to
identify common travel patterns and volume estimations. Not having enough processing power
to store large volumes of Bluetooth data was a recurring issue. They also developed their own
adjustment formulas to remove bias from multiple Bluetooth devices detected in one vehicle.
The authors’ method for detecting multiple devices in one vehicle was not specified. In a similar
study Blogg et al. (2010) used 29 receivers in Brisbane, Australia to identify route choice
through an arterial network. Approximately 15% of the population was detected and expansion
factors were used to match results to the entire population. Results for this study were
inconclusive as they determined further research was necessary to confirm the use of MAC
addresses in determining O-D pairs. They noted that results compared favorably with automatic
number-plate recognition, but several possible biases may exist that need further investigation.
Carpenter et al. (2012) had success using Bluetooth data to analyze specific routes chosen on a
focused corridor. In a rural area outside Jacksonville, Florida, Bluetooth receivers were placed on
a major corridor and its crossroads. The many crossroads provided several alternative routes.
After data was filtered the researchers successfully derived travel time, use percentages (road use
rankings), and O-D pairs. They concluded that Bluetooth was a valid tool when determining
specific routes traveled through a cordon. They suggested that this technique be used for traffic

forecasts and in traffic model validations.
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Attempts have also been made to track free movements of pedestrians using Bluetooth
proximity techniques. Oosterlinck et al. (2017) used Bluetooth and Wi-Fi to track pedestrian
movements in a shopping mall and were able to aggregate data to find common patterns of
overlap. Utsch et al. (2012) discussed how Bluetooth can isolate what they refer to as
microscopic movements and habits of individuals. The researchers set up predefined paths and
then used Bluetooth proximity to match pedestrians within the predefined squares. From these
pixel-like grids, generalized paths could be formed. Isolating such patterns had the ability to map
foot traffic patterns. Since pedestrians are not bounded by lane restrictions, one can isolate exact
path trends of individuals. Bluetooth can also help plan logistics of events such as determining
adequate restroom facilities, hallway width, and advert placements based on quantity of
detections. Combined quantity and duration statistics can help to identify bottlenecks within a

system.

Duration of stay can be derived from multiple readings at one or more Bluetooth devices
within a venue. A startup company in Salt Lake City has used this technology to track attendance
and patronage at the Sundance Film Festival. This information can consequently be used to plan
logistics of parking, venue size, and public transit. O’Neil et al. (2006) found that using
Bluetooth to track dwell times of customers in a coffee shop was not a standalone method.
Supplements from video surveillance were used to accurately determine patron dwell time.
Kurkcu et al. (2017) discusses research done to estimate wait times at bus stops/terminals using
Bluetooth and Wi-Fi. The results were successful in finding first and last scans for unique MAC
address, which could be used as a performance measure to decrease wait times. The method
could also be used to estimate pedestrian densities and flow. Further research should be done to

see how Bluetooth can be used to monitor pedestrians.

2.4 Analysis of Bluetooth as a Data Source
This section will discuss the strengths and weaknesses of Bluetooth technology so that
agencies will understand how to best implement the technology. The section will first discuss

trends in penetration rate and then will summarize strengths and weaknesses.
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2.4.1 Penetration Rates

Penetration rate refers to the number of vehicles detected out of the entire population. It is
important to understand what the penetration rate is so that data can be expanded to represent
entire populations. This section will discuss findings on penetration rate.

Table 1 summarizes various studies and the penetration rates recorded from that study. Each
study was deemed successful based on each researcher’s opinion and observations, and a
summary table was created to observe general trends in a limited number of studies. Penetration
rates as high as 40% are achieved but regularly average 6-10%. Lower penetration rates are
sufficient for travel times but may not provide enough detail for cordon studies (especially real-
time applications). Notice that penetration rates in the figure represent an average penetration
rate collected at a minimum of one Bluetooth receiver. The chart is organized from lowest to
highest penetration rates. This compilation of studies suggests no correlation between increasing
penetration rates over time. The data suggests that more receivers correspond to higher cordon
penetration rates. Notice Blogg et al. (2010) and Jackson and Dichev (2013) both have larger

numbers of receivers and corresponding higher penetration rates.
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Table 1. Penetration Rates Observed in Bluetooth Studies

Author Year Penetration # of Study Success Notes
(average %o) Receivers Region
(miles)
Travel Time Corridor
Length
Kimet al. 2014 6.3% 3 200 (feet) Yes Intersection -
TCD study.
Kim et al. 2014 6.6% 8 200-400 Yes Mode
(feet) Differentiation
Cars — 6.8% / Intersection
Bicycles - 40% Travel time /
Pedestrian - 10.3%
Bathaee et al. 2018 Cars- 6.8% 8 400 (feet) Yes Mode
Bicycles - 14.5% Differentiation
Pedestrian - 7.2%
Haseman et al. 2010 8% 9 10.7 Yes Construction
Zone
Porter et al. 2011 5.7 - 9.6% 2-5 1-6 Yes Travel Time
Blogg et al. 2010 38% 6 8-15 Yes Travel Time
Day et al. 2010 - 9 3.2 Yes Signal Timing
Barcel6 et al. 2010 - 6 7-25 Yes Travel Time
Rescot 2011 - 10 6.5 Yes Highway
Rescot 2011 - 10 2 ? Arterial Signal
Adjustments
Kim et al. 2014 - 3 15 Yes Signal Timing
Cordon Cordon
Radius
Yucel et al. 2012 2.8-4.1% 4 1 No Inner City
Chitturi et al. 2014 4.4% 5 0.5 Yes Overpass
Kimet al. 2014 6.6%, 6.2% 3,13 25 Yes Rural / Multi
City
Rescot 2011 6-8% 4-5 100 - 330 O-D Yes Roundabout,
(feet) Counts, No Traffic Counts
Barcel6 et al. 2011 - 6 7-25 Free flow, Yes Highway
Congestion, No
Path Analysis Cordon
Radius
Carpenter et al. 2012 6.1% 14 15 Yes Route Choice
Rescot 2011 6% 25 Yes Route Choice
Oosterlinck et al. 2017 9.8% 56 1 Yes Indoor, Ped.
Blogg et al. 2010  20.0% 29 8-15 Yes, if used as Inner City
Supplemental
Data
Jackson & Dichev 2013 30.0% 110 12-15 Yes Inner City
Rescot et al. 2011 - 10 5 No Route Choice

Penetration rates of Bluetooth data are not constant. The penetration rate changes with time

and exhibits random behavior (Barceld, 2010). Rescot (2011) explored how capture rates vary.

Bluetooth proved to be viable, but the availability of a consistent stream of Bluetooth devices
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was not. For instance, even on a freeway there is a chance that no devices are detected in a given
time. No detection could be caused by low traffic volumes or the possibility that no one has a
Bluetooth device in discoverable mode. Even during peak times on low-volume roads there is
evidence that certain time intervals will have 0% detection. To counter such problems, a longer

sample time is recommended to ensure that these outliers are neutralized.

Several questions regarding detection and bias in Bluetooth technology exist. For instance,
data may be skewed towards newer vehicles which have ABS Bluetooth detectors or towards
users who have expensive cell phones. These potential biases may skew data to those with higher
incomes. Applying expansion factors to the potentially skewed sample for the purpose of
estimating the overall population has the potential of amplifying the bias in that sample. Multiple
devices in one vehicle can also skew results. Jackson and Dichev (2013) developed a filter that
could detect if a vehicle had multiple devices, and then could record data from only one of the
devices in that vehicle. Little research has been done to address these potential biases and future

research should be conducted.

Travel time can be derived from low sample rates. Previous findings indicate that, for travel-
time applications, lower penetration rates tend to mimic real-life traffic conditions well for most
purposes with added benefits of smaller data sets which take less storage. One interviewed
company claims that their penetration rate is as high as 40% on average (Anonymous, personal
communication, November 7, 2019). A UDOT employee countered by summarizing that high
penetration rates are unnecessary because low rates have similar distribution curves to high
penetration rates and therefore both data sets are usable for a department’s purposes (G.
Farnsworth, personal communication, November 2019). Table 1 shows that penetration rates
typically reside between 2% and 12%. When using Bluetooth to detect travel speeds in congested
urban areas, lower penetration rates are still useful because one may assume that traffic flow will
be more consistent due to higher congestion. Thus, generalizations can be made from lower
penetration rates. Porter et al. (2011) states that a low penetration rate of 2-3% is sufficient to
collect travel-time estimations, but higher rates may be needed on arterial roads. Table 1
indicates that Bluetooth penetrations as low as 5% seem sufficient to derive traffic travel times
and cordon enter/exit points, though a 5% sample may not be sufficient for complex cordon

geometries. Minnesota Department of Transportation found that Bluetooth was as effective as
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their Automatic Traffic Recorder systems in measuring average travel speeds, and that
penetration rates were dependent on equipment setup (Young, 2012).

High penetration rates have been obtained in some studies. Blogg et al. (2010) discovered
rates as high as 40%. The researchers pointed to large queue lengths at highway onramps as the
primary reason for the abnormally high rates. They mentioned that the longer a vehicle resided
within a receiver's radius, the more likely a Bluetooth device would be detected. It was also
discovered that penetration rates increased as much as 7% when multiple Bluetooth receivers
were installed at each entry point into a cordon. This study may suggest that there is a difference
in penetration rates with free-flow traffic versus congested traffic. Further research into this topic
may be of benefit. From Table 1, a loose correlation can be observed which suggests that a
higher number of Bluetooth receivers may result in higher penetration rates. Not only the number
of receivers, but the correct placement and distribution of the receivers would likely influence

penetration rates. These interpretations should be investigated further.

2.4.2 Strengths
Bluetooth technology allows agencies to target specific areas and customize data collection.

Bluetooth receivers can be installed permanently or deployed as temporary battery-powered
units. Setup of portable units is generally quick, simple, and inexpensive which allows for easy
adjustments. Maintenance for the portable units is also generally simple. Another advantage of
Bluetooth is its ability to detect devices without line of sight and through solid objects, though

not every device will be detected within range.

The cost of Bluetooth is relatively low. Chitturi et al. (2014) noted how studies could be
easily lengthened at little or no extra cost to agencies because devices could be left out. In the
past, traditional video or aerial methodologies would require significant manpower to obtain data
for analysis. Expenses from employee wages as well as the delay in obtaining reliable data could
cost agencies small fortunes. Rescot (2011), and Day et al. (2010) both indicated that the use of
Bluetooth for analysis could save significant money. Haseman et al. (2010) and Porter et al.
(2011) indicated how simple and cost effective it is to set up a temporary cordon study.
Bluetooth units are relatively inexpensive and easy to maintain. In addition, the setup can be

adjusted easily as changes are needed.
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Data can be obtained and used in real time with Bluetooth receivers. Bluetooth data is
relatively straightforward compared to other passive data sets which may require significant
processing or aggregation. Haseman et al. (2010) used Bluetooth in a construction zone to detect
travel delays. Information can be collected and transmitted to automated messaging signs or
online traffic forecasting tools. Real-time speed information could also be used for dynamic

speed limits, ramp metering, etc.

Fewer privacy issues exist with the use of Bluetooth data. Bluetooth data does not collect the
actual starting and ending points of trips unless an individual begins and ends within a cordon.
The lack of trip purpose and, as the unique identifiers of a Bluetooth device are rarely registered
to a specific individual, identification of unique persons is challenging. Of the passive data

sources discussed in this report, Bluetooth has relatively low privacy concerns.

Bluetooth devices are increasingly available. Technology changes rapidly which may deter
agencies from investing long term in technology that may quickly become obsolete. Bluetooth
devices have become more common in consumer products. As of 2016, the average American
owned 4.4 Bluetooth devices, and a projected 5.5 billion devices were estimated to ship in 2021
(Karr, 2016). The popularity of Bluetooth in consumer devices provides a longevity that makes

the receiver technology worth investing in.

Travel time can be derived from low sample rates. Lower penetration rates tend to mimic
real-life traffic conditions well for most purposes. High penetration rates are unnecessary
because low rates have similar distribution curves to high penetration rates and therefore both
data sets are usable for a department’s purposes (G. Farnsworth, personal communication,

November 2019). Low Bluetooth penetration rates can be used to identify travel times.

Bluetooth technology works well in situations of a temporary nature such as construction
sites, single-day events, or post-project analysis. The processing of Bluetooth data is
significantly easier than organizing manual counts. Rescot (2011) successfully used Bluetooth
data to mitigate congestion following significant sporting events at a Missouri University.
Haseman et al. (2010) used Bluetooth receivers to help during the renovation of a highway. The
inexpensive and easy setup of Bluetooth receivers allows for temporary operations that can

easily be taken away once an event or project is completed.
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2.4.3 Weaknesses

To collect Bluetooth data, a DOT or their contracted vendor must set up and maintain a

network of Bluetooth receivers. Data is only collected in areas where receivers are set up. Unlike
GPS or MDD data sources, Bluetooth data is not continuously generated without a receiver set
up to record timestamps of uniqgue MAC addresses. As a consequence, many gaps in historical
data usually exist which makes the data better suited for real-time applications or future projects.
In some cases, companies that specialize in Bluetooth data may have previously collected data
sets. Although Bluetooth is often used in real-time applications, best results are obtained when
data is aggregated over longer time periods because of the nature of sampled data (Rescot, 2011).
Third-party reliance can become an issue as Bluetooth equipment is not generally transferable to
another vendor. Future improvements to infrastructure would require partnership with the same
vendor. It is possible to collect data as a DOT with portable units for a smaller study, but larger

projects may require a third-party vendor’s expertise.

True O-D information is not collected. A cordon must be created which lacks details of
where individuals are starting and ending their trips. Bluetooth can only determine when an
individual entered and exited the customized perimeter. The lack of trip purpose limits how
Bluetooth data can be used. Installing receivers at every side street, business, and alleyway is
often impractical. If every entry and exit point cannot be fitted with a receiver then bleed-off will

occur.

Portable Bluetooth receivers are more susceptible to lag and battery failure than probe-based
data sources such as GPS and MDD. Bluetooth receivers can be installed as permanent units or
set up temporarily on a job site using portable battery-powered devices. Rescot (2011), who was
using portable units, mentioned the failure of a receiver unit which caused data outages that
damaged their experiment. A permanent receiver installation may also be susceptible to power
outages where traffic signals become non-functional. Data outages can also occur when receivers
have a minimum threshold to record travel times. In a busy Utah canyon, where an unexpected
traffic jam occurred, governing algorithms caused receivers to stop collecting data when traffic
slowed below the speed threshold for data collection. Minimum speeds in the algorithm were set

lower to avoid future problems. Lowering the minimum detection speed in the canyon, which

22



typically has highway speeds, allowed bicycles to be detected which UDOT did not want to
include (UDOT, personal communication, March 3, 2020).

It is possible to use Bluetooth for mode differentiation in free-flow conditions, but Bluetooth
data cannot be used to differentiate modes on arterials. Bathaee et al. (2018) discovered a method
that could successfully discriminate between modes. They conclude that discriminating between
vehicles, cyclists, and pedestrians is 100% effective in ideal circumstances. Further research was
needed to account for accidents and weather events. Oregon Department of Transportation
(ODOQT) has also done research on mode differentiation and found that Bluetooth was sufficient.
Their clustering approach had similar results to the previously mentioned study. They found that
mode differentiation was increasingly difficult near signalized intersections as the behavior of
individual modes was similar and could be confused by their algorithms. They suggest additional
research be done in this area (Kim, 2014). Both of these studies used travel times to distinguish
between modes. In urban environments a cyclist or pedestrian may travel faster than a vehicle
which may render such methods ineffective. In most places where one would want modes

differentiated, the existing algorithms are unable to provide reliable results.

Sample sizes of Bluetooth data are not constant. The sample size changes with time and
exhibits random behavior (Barcel6, 2010). Rescot (2011) explored how variable capture rates
were. Bluetooth proved to be viable but the availability of a consistent stream of Bluetooth
devices was not. For instance, even on a freeway there is a chance that no devices are detected.
No detection could be caused by low traffic volumes and the possibility that no one has a
Bluetooth device in discoverable mode. Even during peak times on low-volume roads there is
evidence that certain intervals will have 0% detection. To counter such problems a longer sample

time is recommended to ensure that these outliers are neutralized.

Obtaining travel times and O-D requires a uniqgue MAC address be identified by two
receivers which is sometimes challenging (Yucel, 2012). Often a MAC address is only detected
once, which makes the data point largely unusable. For example, to obtain a travel time, a
reading of the same MAC address at two different receivers is necessary. Kim et al. (2014) found
that in a controlled environment, 19 out of 20 trial runs detected a unique MAC address at the

two test receivers. In uncontrolled environments the recapture rate at a second receiver varies
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significantly. In Yucel et al. (2012), 9% - 14% penetration was captured at one receiver while
only 2.8% - 4% penetration was obtained at two locations. Chitturi et al. (2014) found similar
results where 4.4% penetration rate was obtained at one receiver while 2.3% penetration was
obtained from two receivers. Blogg et al. (2010) had 20% penetration at one receiver and 15% at
two or more receivers. The minimum threshold for obtaining MAC addresses in two or more
locations appears to be around 5% of the total population (Tao, 2012). Occasionally Bluetooth
devices, which are within a receiver’s detectable radius, are not detected. This phenomenon has
little explanation and generally has a low impact on the data collection process. Identifying a
unique MAC address at two or more different receivers is sometimes challenging but is required

for any useful transportation application.

Some argue that Bluetooth sensors struggle to select when to time stamp vehicles at
signalized intersections. When timestamps are premature the predicted travel time is often longer
than the actual time. This may be caused when a vehicle is waiting for a signal to turn green. An
Oregon DOT employee in charge of regional Bluetooth data revealed the difficulty in obtaining
proper timestamps for arterial networks, especially for vehicles caught at red lights (R. Gamble,
personal communication, October 3, 2019). Vehicles within urban settings typically showed
longer travel times, and it is hypothesized that the premature timestamping of Bluetooth-enabled
devices skews results toward longer estimated travel times. Rescot (2011) suggests that bias
exists from distracted drivers on their cell phones, which cause the driver to move slower
through a corridor, hence longer travel times. Opposite to longer travel times, Kim et al. (2014)
found that travel times were often underestimated with an average of 1.2 seconds under true
travel time. Porter et al. (2011) discovered the angle of a receiver antenna affected when a
timestamp was made and how early a Bluetooth device was detected. The researchers main
challenge, which still exists today, is how to filter out multiple timestamps within one area and
then to time stamp the individual when it is closest to the receiver. Timestamp problems also
affect travel times when a vehicle is obstructed by red lights, accidents, etc. It appears that there
is no precise method for choosing the best timestamp. Zinner (2012) mentions that Class 1, 2,
and 3 Bluetooth devices all transmit at different speeds which will affect when the timestamp
occurs. Class 1 devices, which are the most powerful Bluetooth strength devices, have the fastest
transmission speeds. Also, Class 1 devices have larger range which could be detected by multiple

receivers if receivers are placed closely together. Blogg et al. (2010) indicated that the longer a
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device is within a receiver’s range, the more likely it is to be detected. The same researcher also
found that having a second receiver at every location increased penetration rates up to 7% more.
Additional research should be conducted to determine if newer versions of Bluetooth would
affect when a timestamp occurs. Although time differences are usually small, further research
should be conducted on appropriate timestamping methods and causes for the common errors
with travel times. Porter et al. (2011) discovered that a tradeoff exists between obtaining accurate
timestamps and penetration rates. After testing various Bluetooth receivers on different segments
of highway, it was determined that higher penetration rates accompanied less accurate

timestamps and more accurate timestamps had lower penetration rates.

2.5 Summary and Recommendations

This chapter explained how Bluetooth technology functions, how transportation agencies can
use the technology, and provided an analysis of strengths and weaknesses. Bluetooth is a short-
range, radio-based technology that allows authenticated devices to send limited amounts of data
between each other. Bluetooth is a relatively inexpensive technology that has relatively high
privacy for the information collected. The inclusion of Bluetooth technology in consumer
devices has increased over the past decade and provides an opportunity for passive data
collection. Findings indicate that Bluetooth provides accurate results that closely replicate
traditional methods such as automatic number-plate recognition and traffic surveys. Bluetooth
has the ability to transmit a unique MAC address that can be captured at multiple receiver
locations. Sample sizes of Bluetooth data are not constant. Portable Bluetooth devices are

susceptible to battery failure and data outages.

After reviewing many studies found in Table 1, several recommendations have been formed.
1) Bluetooth has proven to be an effective technology particularly for projects of a temporary
nature. The ease of set up with limited cost also allows agencies to keep equipment on site and
allows flexibility when one wants to extend a study’s length. Installation of hardware is required
for the collection of data, and data is only collected while the equipment is set up. 2) Bluetooth is
effective for obtaining travel times. A uniqgue MAC address needs to be detected by two or more
receivers to obtain travel times. Bluetooth struggles at obtaining exact travel times, but the error
is usually small relative to the distance traveled. For example, a trip of 2 minutes may be

recorded as taking 2.1 minutes. Bluetooth has been used to differentiate modes but relies on
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travel times which have significant error in urban environments. As a result, Bluetooth is not the
best technology for mode differentiation. 3) Given the nature of the data, true O-D networks are
not feasible to implement, but cordons can be set up to detect travel patterns between entry and
exit points and times. Increasing the area of the study will also increase bleed-off and reduce
collection of useful data in and out of the cordon perimeter. Since true origin and destinations
cannot be obtained, Bluetooth should not be used for long distance O-D studies. Overall,

Bluetooth is a mature technology that can provide reliable data that can aid transportation
agencies.
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CHAPTER 3 - GLOBAL POSITIONING SYSTEMS

3.1 Overview

The Global Positioning System (GPS) is a network of satellites installed and operated by the
United States Air Force which was made available for public use in the 1980s. By triangulating
the signals reflected from multiple GPS satellites, GPS-enabled devices can accurately determine
their position anywhere on earth independent of local infrastructure or data connectivity. This
has made GPS an attractive technology for in-car position and navigation systems on consumer

and commercial vehicles, and for managing fleet operations.

Commercial providers of GPS services — TomTom, HERE, INRIX, and others — can observe
the locations and timestamps of devices on their networks by tracking GPS equipment places in
vehicles and in some cases cellular apps on phones. They then sell this data in raw and
aggregated forms for use in transportation studies and analysis. In some instances, cellular phone
navigation apps use location-based services or other mobile-device locating features in addition
to GPS information; the GPS data available to purchasers therefore could contain a mixture of
GPS data and these additional technologies, which are discussed in more detail in the following

chapter.

This chapter begins with an overview of GPS technology that informs a subsequent review of
transportation studies conducted using GPS devices and cellular phone navigation apps. Lastly, a
section of strengths and weaknesses will be summarized. The chapter ends with a discussion of

scenarios in which it would be appropriate or not to use GPS data.

3.2 GPS Technology

GPS was originally developed as military technology used to identify precise targets and aid
military vehicles in navigation. In the 1980s the United States military gave the public access to
the system. Originally, civilian use of GPS was limited to a precision of 330 feet under a policy
known as selective availability. A 2000 law eliminated selective availability, greatly enhancing
the usefulness of GPS as a consumer navigation and wayfinding technology (U.S. DOT, 2014;
Kamali, 2015; Huang, 2018; NOAA, 2018; GIS Geography, 2020). Today, with the right
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combination of weather, atmospheric conditions, and receiver technology, it is possible for the

public to have precise location information.

GPS works by trilateration. In geometry, trilateration is the process of finding absolute or
relative locations or points from a set of measured distances. For trilateration to occur, a
minimum of three satellites is required to isolate a singular GPS device location. Since the
position of all satellites can be determined at all times, a position on the surface of the earth
relative to a group of satellites can be obtained. The distance between one satellite and a singular
GPS device is easily calculated.

Figure 5 (a) and (b) show possible locations given by one satellite. With one satellite and a
known distance between the satellite and a GPS device on earth’s surface, an entire

circumference of possible locations can be drawn on the surface of the earth.

Figure 5 (c) shows that with two satellites and known distances between the satellites and a GPS
device on earth’s surface, two overlapping circles can be drawn on the surface of the earth. The
intersecting points of the two circles provide two possible locations where the GPS device is

located on earth.

Figure 5 (d) shows that with three satellites and known distances between the satellites and a
GPS device, three circles can be drawn on the surface of the earth. The singular point of overlap
is where the GPS device is located. Each added satellite increases locational accuracy. The
ability of GPS to continually track each GPS device makes it possible to identify exact traces of
individuals. Satellites require a direct line of sight to calculate distances. Obstructions such as

buildings or canyons can lead to reflection of GPS signals that can reduce positioning accuracy.

(a) (b) () (d)
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Figure 5: Diagrams depicting the geometry behind trilateration.

Due to the accuracy limitations of personal GPS-equipped devices, GPS traces often need to
be realigned to match known road networks. GPS is highly accurate, but the error recorded from
consumer devices can be up to 16 feet in open-sky conditions (Diggelen & Enge, 2015; Tomastik
& Mokros, 2017). In situations where roads are parallel or near one another it becomes essential
to match the GPS point to the correct road. Researchers such as Marinelli et al. (2017) have
worked on methods to realign GPS points to known road networks. In this instance, the
researchers were able to identify specific lanes a particular vehicle was traveling in near
signalized intersections. The researchers were successful in identifying individual lanes and hope
to use findings to assist adaptive signal changes based on real-time GPS data from mobile

phones.

In literature, each recording within a trace has a location and associated time which is
referred to as a “ping.” In many cases, pings can be as frequent as once every second (Goodall,
2012; Tao, 2012), but such fine resolution may not always be necessary. Pinjari et al. (2014)
reduced their data to 15-minute intervals; in this case, the data was over an entire state and
commercial trucks typically travel on major freeways. Using a ping rate of 2 seconds would have
created redundant data that would have been difficult to manually process. This study and similar
ones like it have found that lower ping frequency is suitable for long distance studies. A much
shorter ping rate would be needed for urban environments. Each GPS device recorded has a
unique identifier. The unique identifier is assigned to the device at random and can be
reassigned. Each unique identifier can only be assigned to one device at a time. Between
identifier reassignments, researchers are able to trace the exact routes of a device with that
unique identifier. For example, if a company reassigns unique identifiers every 48 hours to
protect user privacy, then the useful data for any identifier must be collected within that 48-hour
window before the next reset occurs. In literature, GPS data is often referred to as a probe or
floating car data. Historically, single vehicles were used to identify travel times in a corridor,
with the study vehicle referred to as a probe. As technology advanced and hundreds of vehicles
could be tracked simultaneously, the term “probe” remained. This document will refer to any
vendor-provided GPS data as either GPS probe data or simply GPS data.
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Physical GPS devices are regularly installed in commercial fleet vehicles as commercial
enterprises are most interested in evaluating fleet location and overall driver performance. Due to
the large concentration of GPS equipment in fleet vehicles, some data vendors are able to sort
commercial fleet vehicles from regular traffic. The heavy implementation of GPS in commercial
fleet vehicles can help agencies to target specific modes for isolated studies; a good deal of
research has been conducted on GPS data for taxi and long-haul trucking fleets, for example. On
the other hand, the overrepresentation of commercial fleet vehicles in GPS may mean that
general transportation findings are heavily biased towards these fleets.

Agencies commonly purchase GPS data for specific regions for specific times, e.g., for the
state of Utah for the year of 2018. Often, an agency will need to negotiate what regions and data
are included in a large purchase. For example, regions with higher populations produce more
data and therefore vendors will often charge more for this data set. GPS data is sometimes sold
unfiltered or in raw form to agencies. Other companies will sell data that is processed and will
provide a subscription to a user interface tool. GPS data is packaged and sold in a large variety of
formats and further inquiry should be done into prices for the state of Utah or smaller regions
within the state.

Obtaining raw data from a vendor has many advantages but may overwhelm a transportation
agency. Processing raw data is labor intensive and may be difficult for agencies to handle but
could provide several advantages over other formats of GPS data. Raw data contains large
amounts of extraneous information that must be extensively filtered out. It is recommended that
DOTs partner with universities or third-party data experts when working with raw data formats.
It may take several years to properly filter and analyze large data sets (A. Pinjari, personal
communications, August 2020). Many data filtering techniques exist, though a specific
description of each of these methods is outside the scope of this study. Kamali (2015) and
Thakur (2015) have provided techniques to reduce the file size while maintaining data accuracy.
Obtaining raw data has two main benefits: First, data can be custom filtered to meet department
needs; and second, data may be layered with other data. Obtaining raw data may give agencies
the ability to custom filter and manipulate data as circumstances change during a single project
or use and revisit the original data in future projects. After custom filtering a data set, it is

possible to overlap and integrate shape files, statistics, as well as other passive data sets. Many
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data vendors will not sell data in a raw format because of privacy concerns, or will sell data with

the trip endpoints obscured (N. Markovic, personal communication).

One known form of composite GPS data is so-called telematics data, which combines GPS
points with driver behavior data including acceleration and speed information. Telematics data is
often collected by insurance companies and in some cases is sold to transportation agencies,
though we found no evidence of specific studies using this data in North America. Lehmann et
al. (2017) used a form of telematics to generate a model that estimated emissions more
accurately due to the acceleration and deceleration patterns of vehicles. Bazzani et al. (2010)
used the GPS portion of telematics data to identify traffic movements, speeds, and activity
duration. The General Services Administration posted a document online showing the many
ways government agencies have used telematics data to reduce budgets. Several agencies
identified underutilized vehicles and reduced the size of their fleets (General Services

Administration, 2014). Telematics data may be of interest for future research.

3.3 Transportation Studies using GPS Data

This section will explain how GPS data is being used in various transportation applications.
The literature is sorted into four categories: network construction, travel times, O-D, and volume
estimations. Each paragraph will explain a single application of GPS data and will also

determine if GPS data is a good fit for that application.

3.3.1 Network Construction

The ability of GPS to continually track each GPS device makes it possible to identify exact
traces of individuals. When GPS pings are aggregated and layered it is possible to infer road
networks without an existing map. Figure 6 shows how agencies can infer road networks from
unique GPS traces. Each color represents a unique GPS trace. Accuracy of each trace may be off
slightly, but the aggregated results converge to identifiable paths. Image (a) shows what raw GPS
points might look like before processing. Each dot contains longitudinal and latitudinal
coordinates as well as an associated time. Image (b) shows possible roads placed where unique

traces overlap, and (c) shows an inferred road network.
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(a) (b) (c)

Figure 6. diagrams showing the evolution of GPS pings to constructed road networks.

Road networks are continually changing, making the task of creating up-to-date digital
representations of highway assets extremely challenging. Whether it is a new development or a
recent upgrade to an existing road, it is important to have up-to-date maps. Traditional methods
for updating road networks, such as aerial photography and internal linear referencing data sets,
are labor intensive and require a significant time commitment to implement. GPS data has the
possibility of identifying new roadways and changes to existing roads almost instantly by
observing the paths of vehicles who use the system. Elements of a map that can be obtained from
GPS traces include the type of road, number of lanes, intersections, rough density information,
direction of traffic, etc. HERE technologies, a GPS data vendor, is known to provide a service
where they aggregate data from a fleet of LiDAR-equipped vehicles as well as GPS from
navigation systems in personal vehicles (HERE Technologies, n.d.). Biagioni and Eriksson
(2012) explained how various algorithms are used to identify road networks which are then
validated using existing maps. In one algorithm, the data points were grouped into sections
where the authors determined the center of the road by aggregating the traces of several different
vehicles, which were then connected to identify a single road. Another method involved

connecting GPS points with arcs and straight lines to calculate the centerlines of roadways. Once
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centerlines were calculated the lanes could be identified relative to the centerline. Davies et al.
(2006) developed an algorithm that found road networks from aggregated GPS traces instead of
treating each GPS trace individually. Clustering of aggregated traces allowed the authors to
identify centerlines of roadways. The researchers discovered that this method created more

accurate maps where larger GPS errors existed.

A number of researchers have also used GPS traces to identify intersection configuration. Xie
et al. (2015) focused on identifying intersections with GPS traces. Each intersection was
identified by tracking the change in direction of a small sample of 889 total GPS traces of a
shuttle bus. This was done by detecting places in which multiple different directions could be
taken. The authors indicated that a bend in a road has one possible change in direction where an
intersection has at least two different directions. A ping rate of once every second allowed
researchers to identify sudden changes in direction. The algorithm detected 36 of 33 intersections
on the study route. The algorithm misidentified 3 locations as intersections but identified all 33
actual intersections. GPS noise, such as reflection from tall buildings, was attributed for the
readings of three false intersections. Intersection accuracy was found to be off by an average of
74 feet. The researchers were able to detect direction of traffic and found that 83% of all roads in
the study were correctly matched within 33 feet of the true location. These studies show that
using GPS can identify road networks with reasonable accuracy but that further work may be

needed to perfectly match GPS traces to actual road locations due to minor accuracy issues.

Further research has been done to automate network construction. Qiu and Wang (2016),
Chen et al. (2016), Mariescu-Istodor and Franti (2018), and Bastani et al. (2019) have all worked
to improve the accuracy of the aforementioned algorithms with minor improvements. Bastani et
al. (2019) concluded that automatic network construction can reduce the intense labor required to
maintain and update road networks. The researchers admitted that current network construction
techniques have more errors than maps created by traditional map makers who use methods such
as aerial photography or satellite imagery etc. Zhang et al. (2017) attempted to fully automate
network construction but found that a human element is still required. The method fell short of
identifying off ramps and other minor side paths, but it was able to identify the main roads and
highways. Further research was needed to differentiate direction of traffic as well as obtain

accurate lane information. Although GPS can and is being used to infer road networks, further

33



research is needed to increase the accuracy of these automated methods to that of professional
map makers who use traditional validation tools such as aerial photography or satellite imaging
(Bastani, 2019).

3.3.2 Travel Times

Agencies can use GPS to determine both average and instantaneous speeds of motorized
vehicles. Longitudinal and latitudinal coordinates of vehicles are recorded in regular intervals as
pings. Travel times and average speeds between pings may then be derived, as the ping rate is
relatively frequent. This section will describe how travel times have been used in various
applications. Figure 7 depicts how a series of pings can determine average travel times between

locations. Useful ping rates vary from several times per second to 15-minute intervals.
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Figure 7. Travel times derived from GPS pings on a road network.

UDOT currently uses GPS data to derive travel times through iPeMS. UDOT purchased
HERE data in 2017 and have used the iPeMS interface to determine travel times, delay
estimations, holiday travel patterns, and more. The data has been used for prioritizing future
projects, improving signal time performance, post-project analysis, and crash impacts. The
interface has primarily been used to predict travel times and does not provide any volume
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estimation. The interface makes data more accessible to engineers not trained as data scientists

(G. Farnsworth, Personal Communications, November 2019).

Real-time estimations of travel time can be obtained with GPS data. Tao et al. (2012) used
real-time mobile phone GPS data as an input into a simulation to find microscopic speeds from
corridor average travel times. Data was filtered and then assigned to the closest node within a
small study region of Copenhagen, Denmark to find link speeds. By aggregating the average
speeds of vehicles, the authors were able to determine average travel speeds for every 10-minute
period on each link of the entire Copenhagen road network. This real-time application could be

used as an analysis tool to monitor the flow of traffic.

GPS has the ability to identify if an individual is speeding. GPS can track average speeds
between points and in many cases spot speeds at an instantaneous moment. Markovic et al.
(2018) investigated how GPS data could help DOTSs identify where drivers commonly speed. By
analyzing GPS data either spot or average speeds could be determined and then used as a
comparison to posted speed limits for that road segment. From this information a variety of
interventions can be taken to improve public safety by encouraging drivers to reduce speeds.
Understanding roadway use could help with assessing maintenance and roadway improvements

that encourage lower speeds such as speed bumps, radar speed signs, law enforcement etc.

Researchers are investigating how GPS can identify accidents or sudden events on highways.
Stimpancic et al. (2016) created a congestion index and suggested that areas with high
congestion variability could indicate where accidents or construction are occurring. Asakura et
al. (2015) tried to identify incidents on freeways using GPS data. Two algorithms were designed
to detect sudden incidents. The first algorithm used only individual travel times. The second
algorithm relied on a minimum of three consecutive vehicles to detect the shockwave of a
sudden incident. In theory, one vehicle at free flow would precede the accident and the following
vehicles would encounter reduced speeds and therefore a shockwave could be calculated from
the rates at which the following vehicles slowed down relative to the first vehicle. They found
that GPS could present false readings and miss incidents that occur if no congestion or delay was
detected. This paper was able to identify traffic incidents, but future work is required to refine

the methods and eliminate false alarms.
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GPS has been used to monitor and classify congestion. In Ankara, Turkey, Altintasi et al.
(2016) used GPS data to create a model that could determine travel-time estimations for every
minute interval. The researchers used travel times to detect where congestion or delay was
accumulating in real time. Altintasi et al. (2016) compiled average travel times for each one-
minute interval along a busy corridor and translated average speeds into level of service (LOS).
Once LOS A through F was assigned, they could determine where the majority of congestion
occurred. Using only travel time as a parameter, they determined that GPS data is able to detect
intersection congestion, bus stops, and other major points along a corridor. The researchers could
also detect when bottlenecks started, ended, and identify the length of queue within a bottleneck.
This paper provided evidence that having a frequent ping rate — 1-minute intervals — provides
sufficient detail for identifying traffic patterns in real time. Altintasi et al. (2016) found low GPS
penetration rates of around 3% were sufficient for their purposes which undercuts the minimum
5-7% penetration rates suggested by Tao et al. (2012). In Quebec City, Canada, Stimpancic et al.
(2016) used GPS data collected from a mobile application to track real-time traffic patterns.
Their 6% penetration rate failed to include many arterial and residential streets. Despite the lack
of spatial resolution, the researchers were able to create a congestion index number that provided

some level of accuracy to true congestion levels. Congestion index was calculated as

F l S d— Actual S; d . . .
(Freeflow Speed— Actual Speed) i created a scale where a value of 1 would indicate complete
Freeflow Speed

congestion and a value of 0 would indicate free flow. Researchers confirmed that congestion
exists in specific areas at specific times and varies throughout the day. Data collected from the
application could highlight patterns such as the ripple of morning suburban traffic approaching
the downtown region. They found that GPS data could be used as a real-time analysis tool to
identify congestion index numbers of all city roads simultaneously. In addition, one could infer
that consistent congestion could highlight areas that need upgrades while areas with high
congestion variability could suggest where accidents or construction might be occurring. The
researchers indicated that they lacked sufficient sample sizes on many arterial and residential

streets. Further research is necessary to fill spatial gaps on arterial roads and then refine methods.

Travel-time reliability is an important performance measure used by logistics companies. The
U.S. economy relies heavily on the transportation of goods of which roughly 70% of tonnage
travels by truck (Kamali, 2016). Businesses often prefer accurate travel-time forecasts in contrast
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to the chance that they will have a quick delivery route. To ensure smooth product delivery,
companies require accurate trip time estimations for any given hour of the day. As noted earlier,
Stimpancic et al. (2016) was able to create a congestion index from 6% penetration rate of total
traffic. This index was able to show real-time congestion for the entire Quebec City road
network. Pinjari (2014) used a large commercial truck GPS data set to identify the average travel
time for each mile of Florida highway. Extensive processing and work with a geographic
information system (GIS) allowed the researcher to create a bidirectional map displaying average
speeds for five time periods in a single day. This work was then expanded to create a travel-time
index for planning efficient routes through Florida. Golias et al. (2012) used a combination of
GIS shapefiles and GPS to identify estimated travel times for each hour of the day. The
researcher used GIS files to divide a highway into one-mile sections and then found the average
travel time for each hour. These methods provide travel-time reliability that can be used by

businesses to make shipments efficiently.

Bottlenecks can be determined and ranked by identifying travel times. McCormack et al.
(2011) used travel-time information to classify bottlenecks in Washington state. Travel-time
reliability was needed to accurately rank the worst bottlenecks. They successfully identified
when a truck’s speed fell below 60% of the speed limit posted. This threshold suggested
congestion in the area of study. The researchers started by creating a scale with three categories:

reliably slow, reliably fast, and unreliable. The researchers calculated a travel reliability index by

# of periods where freeway is unreliable or unreliably slow

the formula . In addition to travel-time

total # of periods
predictions, the authors were able to provide a detailed report which included location, length of
segment, daily truck volumes, average speed, and travel-time reliability. Liao (2014) used a
similar threshold value — usually 45 mph — to rank bottlenecks in the Twin Cities, Minnesota
region. The congestion index was determined by the number of hours below the set threshold
value during peak periods. Both studies were successful in identifying top bottlenecks in their

regions and finding travel times or travel-time reliability estimations for each hour of the day.

GPS data can identify the duration that a vehicle remains stationary. Some congested ports
and intermodal hubs impose fines for long turnaround times. These facilities intend on limiting

truck queues and congestion. Golias et al. (2012) used GPS data to successfully track turnaround
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times of trucks within train-truck intermodal hubs. The use of GPS helped increase efficiency

and reduce congestion inside intermodal facilities.

Supplemental GPS data is often used in simulations to determine how to implement traffic
signal changes. Although simulations fail to account for all possible variables, insight into traffic
flow at intersections and highways can be obtained. In New York State, Ban et al. (2011)
explored how travel time, in a left-turning scenario, could help to determine queue lengths.
Collected data could be used to influence left-turn signal timing. The speed of vehicles in a left-
turning lane was used to identify queue lengths at a signalized intersection. The goal for the
researcher was to have a consistent flow of traffic referred to as queue rear no-delay arrival time.
This real-time measurement provides an alternative to traffic turn signal timing since traffic can
be monitored before entering the vicinity of an intersection. This proactive method could better
coordinate signal timing at intersections and reduce waiting times for all travelers. In Calgary,
Alberta, Canada, Kattan et al. (2012) used software simulations to model effects of implementing
GPS data for ramp metering. The researcher used three distinct ramp metering test scenarios:
pretimed intervals, physical detectors, and probe-based data. Travel times on the main highway
were determined exclusively using GPS data. GPS data was then combined with information
collected from two physical detectors on each on-ramp to determine the rate at which traffic
could be admitted onto the freeway. The researcher found that using probe data as a supplement
outperformed exclusively pretimed or physical detector methods. With only 3% penetration rate
as compared to pretimed or detector-based methods, traffic delay was reduced 7%, travel time
was reduced 2%, and average speed was increased 1%. The researcher noted that increased GPS
penetration rates had increased effectiveness at reducing delay and travel times and that
penetration rates under 3% began to be less effective than pretimed or detector-based methods
alone. Future work to test ramp metering in real-life scenarios has yet to be done.

3.3.3 Origin-Destination Analysis

Several studies have conducted research to prove the effectiveness of using GPS to find true
O-D information. GPS traces have the ability to identify the actual start and end points in an
individual trace. Figure 8 represents a typical GPS trace. GPS allows agencies to identify trip

purpose because home and work locations can be inferred through repeated measurements.
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Figure 8. A series of GPS pings revealing a specific trace

Using GPS data, agencies can determine common routes traveled by drivers. Kamali et al.
(2015) worked to find the full diversity of route choice from O-D records. The researchers used
an algorithm to identify trips with less than 75% overlap and then classified them as unique
routes. In another case study, Kamali et al. (2015) found methods to isolate tanker trucks from a
sample of commercial truck GPS data. GIS software was used to locate and identify petrol sites
such as gas stations and delivery ports. Based on proximity of individual trucks within a
geofence around fueling sites, they successfully identified tanker trucks from the entire truck
sample. After isolating tanker trucks from the overall truck sample, the common routes of tanker
trucks were identified. This method required significant processing and cooperation with the data
vendor. Applying these techniques in other regions would require similar customized efforts.
This type of study could allow one to identify which highways need future repairs amongst other
applications such as targeted taxes or tolls. In related work, Tahlyan et al. (2017) used GPS O-D
data to find the most relevant unique trucking routes. They discovered that short-haul trucks
generally have more diverse route choice than long-haul trucks. They were successful in

identifying most relevant and popular trucking routes.
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Analyzing individual vehicle traces could reveal trip purpose. Markovic et al. (2018) was
able to infer that a certain percentage of trucks had taken possible detours in the vicinity of
weigh-in-motion (WIM) stations. WIM stations track commercial vehicles to ensure maximum
weight-per-axle requirements are being followed. It was observed that increased vehicle miles
were driven in indirect paths near WIM stations. Although the percentage of traffic suspected of
diverting was only around 1%, the detection of truckers possibly avoiding WIM stations could
identify unanticipated damages and environmental impacts to side roads from increased vehicle
miles traveled (VMT). Knowing where commercial trucks are traveling off of main route

highways could help DOTSs enforce weight restrictions.

GPS data has been used for travel demand modeling in place of traditional travel surveys.
Bernardin et al. (2014) used truck GPS data to develop a statewide truck traffic demand model.
Since the data set represents a specific sample, it comes with an inherent bias. They found that
short-haul trucks were underrepresented, so they developed expansion factors that could account
for this sample bias. Markovic et al. (2018) found that O-D data was able to identify the number
of trips in and out of the state of Maryland as well as county-to-county percentages. In this study,
the sample included all vehicles with commercial trucks included. Markovic et al. (2018) also
investigated how O-D information collected from 20 million traces could be used to identify
potential transit deficiencies. The researchers took the 20 million data points and layered them
over existing transit maps. The layered map revealed several routes that were frequently traveled
and did not have existing transit service. This suggests that GPS may be used as an analysis tool
to determine how to efficiently allocate resources as well as target future projects. In Florence,
Italy, Bazzani et al. (2010) obtained telematics data that could identify instantaneous speeds, trip
lengths, and duration of stays. Although the researcher was not trying to solve transportation
problems, they found that GPS data could show individual movements within an entire city.
From following the individual traces of vehicles, the researchers could infer home and work
locations. In one analysis they created a roadmap showing three categories of average speeds.
Having access to instantaneous speeds could reveal main thoroughfares or areas with congestion
based on LOS definitions. In another analysis the researchers used statistical models to estimate
the average downtime spent at daily activities. These types of analyses could help planners

improve infrastructure such as parking facilities or transit.
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It has been suggested that GPS O-D data could assist governments in identifying statewide
commodity flow. Florida is known for being a consumption state with a higher import-to-export
ratio. The imbalance of imported goods adds vehicle miles traveled (VMT) and as a result
increases consumer costs. Zhao et al. (2020) investigated commodity flow by identifying empty
trucks traveling through the state. Using Florida’s WIM stations, the researchers created a travel
model that inferred empty trucks based on weight. Using data from WIM the researchers could
identify rough percentages and headings of vehicles from WIM stations and then used GPS data
to identify commercial trucking patterns in the state. The combination of these two data sources
allowed the researchers to estimate where imports were coming from as well as where empty
trucks were heading. This data could be used to inform governments to invest in industries that
could help balance commaodity flows in areas with one-way shipments. The researchers indicated
that they were able to predict such flow, but that further research would improve the model.

Aggregated GPS data can help pedestrians find the best evacuation route during natural
disasters. Ikeda et al. (2016) used real-time mobile GPS traces to identify safe pedestrian passage
through an area. The most efficient path was generated after data was aggregated in real time and
sent back to an application that the researchers were working with. The most efficient path was
not always the shortest path. One example is where stairs or damaged roads were detected. This
could have benefits for those in wheelchairs or those who have other conditions that affect which
route to take. This technology could also help in a multitude of other natural disaster situations
such as earthquakes or floods and does not seem to be limited to pedestrians.

Several researchers have tried to use taxi GPS data to estimate vehicle emissions. Smog and
growing awareness of the negative effects of air pollution have sparked interest in identifying
and quantifying air pollutants. Many researchers including, Liu et al. (2013), Weng et al. (2017),
Zhang et al. (2017), Gately et al. (2017), and Kan et al. (2018) have investigated how to use GPS
data as a backdrop for estimating emissions. Finding accurate emission estimates is difficult
because of the multiple factors that affect the quantity of emissions produced. Researchers also
need to know how large their sample is and how to expand that to the total population. The O-D
shows the distance and time traveled, and the sample size is used to represent driving behavior of
the entire population. It is important to understand that different vehicle activities will produce

higher quantities of particular pollutants. Liu et al. (2013) explains that idling vehicles produce
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more PMas, CO2, and HC emissions while accelerating vehicles will produce predominantly CO
emissions. This paper indicates the importance to not only understand O-D information, but
driver behavior of a given trace. Driver behavior is largely unpredictable and can introduce
significant errors or bias. Weng et al. (2017) indicated that speed played a part in the amount of
emissions and what emissions were produced. This paper divided each trace into subsections that
represented acceleration, deceleration, or cruise. Each classification was weighted differently. In
Massachusetts, Gately et al. (2017) used travel times to identify how much emissions were
produced by vehicles at different speeds. They then calculated the impacts of engine starts and
transposed findings onto estimated fuel consumptions from various travel speeds. The
researchers concluded that congestion had a modest impact on overall emissions. Vehicle
models, regional standards, weight, and age could also alter emission results. Liu et al. (2013)
indicated that emissions studies are often limited to local areas where standards and conditions
are the same. If acceptable methods are achieved; transferring methodologies to other regions is
extremely difficult. Liu et al. (2013) and Kan et al. (2018) researched how driving behavior
could affect accuracy of emissions results. Kan et al. (2018) used methods to identify restarts,
idling, acceleration, etc., to better represent true emissions from individual vehicles. Ultimately
the error and lack of confidence in all of the studies leaves considerable room for future research.
Telematics data, which is often collected by insurance companies to track driver behavior, was
briefly discussed. It may be of worth to investigate how telematics data may supplement the

missing driver behavior information required in these studies.

3.3.4 Volume Estimations

Traffic counts are an essential performance measure collected by agencies. Many researchers
are investigating if GPS or other passive data forms could replace traditional traffic counts.
Figure 9 depicts a simplified scenario where a physical counter detects 30 unique vehicles within
a specific time frame. This information is used as a reference for GPS data that is collected at the
same time and place as the physical counter data. In this example there is a ratio of 3 GPS traces
to 30 actual vehicles (a penetration rate of 10%). In order to use the GPS points, the data must be
scaled to represent the entire population. In this case a factor of 10 would be used to boost the

sample to represent the entire population.
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Figure 9. Example of how GPS traffic counts are validated and expanded.

Counting traffic is an important performance measure which is required in the United States.
Traditionally, manual counts, pneumatic tubes, and in-pavement detectors are used to obtain
traffic counts. GPS data currently has failed to provide reliable traffic count information as it
represents a sample of all vehicles which is too small. Young et al. (2017) indicated that probe
data is currently not robust enough to provide reliable traffic counts. Young et al. (2017) used
commercially purchased GPS data to supplement existing methods. The authors found that GPS
data combined with other sources such as loop detectors, counts, etc., had the ability to create
results that came closer to true annual average daily traffic (AADT). It was also noted that error
dropped significantly with the addition of GPS data. Using machine learning, Sekula et al.
(2018) also observed that GPS data was an important input for their model because it
significantly increased the accuracy of their model. Despite accuracy improvements, significant
accuracy errors still existed and needed additional refinement. It should be noted that the
researchers were able to obtain results that aligned closely with Young et al. (2017), but with
only 1.8% penetration rates. Continuing the work of Sekula et al. (2018), Markovic et al. (2018)
used machine learning in conjunction with GPS data to more accurately determine traffic counts
but found that additional work was needed to accept results as a replacement to traffic counts.
The researchers suggest mixing MDD and GPS to obtain better results. Another study, Miller et

al. (2017) improved on various existing travel models and obtained a higher penetration rate of
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approximately 2.8%. They discovered that error from previous methods was reduced up to 45%
and that the median error relative to ground truth data was approximately 18%. Miller, et al.
(2017) indicated that ground truth data was collected from 296 automatic traffic recorder stations
scattered throughout Utah. The researchers suggest that the new methodology could reduce the
need for short-term traffic counts. Another researcher indicated that GPS data is unlikely to
replace traffic counts completely, but that passive data has the potential of significantly reducing
the regularity or scale of such traditional counts. Passive data sources combined with traditional
counting methods provide DOTSs with a closer representation of the truth (V. Bernardin, personal

communication, July 2020).

Car-following models have been used to identify non-GPS-equipped vehicles. Goodall et al.
(2012) used the characteristics of equipped GPS probe vehicles to detect the quantity,
coordinates, and speeds of non-GPS-equipped vehicles. The researchers used prior car-following
models that relate the behavior of how upstream traffic reacts to vehicles in front of them to
locate and quantify unequipped vehicles. The researchers used known GPS data as an input to
identify lane density and congestion. Their methodology failed to work in free-flow conditions
because it required delay or congestion to identify vehicles without GPS equipment. This could
be an alternative method of increasing sample rates and understanding traffic patterns on

congested or arterial roads.

GPS data is used extensively to analyze commercial truck parking demand. Commercial
trucking is the predominant means of delivering freight in the United States. In the United States
there are hours-of-service regulations that prohibit truck drivers from driving over 14 hours
(Diaz-Corro, 2019). As a result, truckers are required by law to take a 10-hour break between
driving shifts. For long-haul trucks this means that drivers need legal parking for extended
periods of time. In many places truck parking is in high demand and often there is inadequate
space for them to park legally. Trucks may be found on freeway exit ramps or parked on the side
of the highway which poses significant safety risk to all parties. Arkansas has an annual program
where they have conducted regular overnight truck-stop demand analysis via manual counts.
Diaz-Corro et al. (2019) used this observational data as comparison to create expansion factors
on GPS data to create a parking demand model. Given the extensive log of previous parking

count studies, the researchers were able to make a model that resembled data collected in the

44



annual manual count studies. Many states may not have prior data records which would make
this method difficult to validate. One caveat is that since this study used samples that typically
did not fall on season peak periods, it failed to account for variability in seasonal demand. In
another study, Torrey (2017) used GPS data to locate trends for truck parking demand and
determined how various truck stops were over capacity. Oregon DOT (2019) is looking into
clustering of trucks in non-designated parking as well as government-provided roadside
facilities. They hope to use results as performance measures to isolate future project
prioritization. They also hope to develop a demand forecasting model that will assist them in

planning into 2040.

Sometimes there is adequate truck parking, but drivers may pass by because of vacancy
uncertainty. Haque et al. (2016) used GPS to identify truck driver behavior. They found that
number of lanes on the freeway, number of trucks parked on the on-/off-ramps, among other
metrics affected whether truckers upstream would stop at a rest area or continue to drive on.
They hope to use these results in designing better functioning rest stop facilities in the future that

will attract truckers and clearly identify parking vacancies.

3.4 Analysis of GPS as a Data Source
This section will discuss the strengths and weaknesses of GPS technology so that agencies
will understand how to best implement the technology. The section will first discuss trends in

penetration rate and then will summarize strengths and weaknesses.

3.4.1 Penetration Rates

Obtaining sufficient GPS penetration rates is critical for obtaining accurate results.
Generally, coverage is not an issue, but obtaining a penetration rate high enough is. Penetration
rates are particularly low in less traveled areas such as arterials or rural locations (Stimpancic,
2016). It is noted that penetration rates for various vendors have increased over the years (N.
Markovic, personal communication, July 2019). The majority of algorithms require a minimum
penetration rate to provide reliable analysis. Tao (2012) found that 5% penetration rate on
highways and 7% on arterials was sufficient for analysis. Without the required penetration rates,
GPS data has a limited use which makes the data less valuable to agencies. In contrast to Tao et

al. (2012), Markovic et al. (2018) found that penetration rates could be as low as only half a
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percent and as high as 5.5% when they combined machine learning techniques for O-D
applications. It appears that minimum penetration rates required may depend on the travel model
being used. Agencies should asses if the penetration rates available are sufficient for department

purposes.

It is important to understand how filtering a raw data set may reduce the sample size and thus
affect the final penetration rate of a sample. For instance, sometimes GPS data has large
temporal or spatial gaps which may need to be removed before its use. Tahlyan et al. (2017)
found that 50% of the derived trips from raw data had spatial gaps that were large enough to miss
network links therefore making analysis difficult. In instances such as this, 50% of obtained data
may need to be filtered out before its use. The amount of filtering will depend on the application

of the agency.

Using lower penetration rates could increase the chances of magnifying a bias. Each sample
is expanded to represent the overall population. If a characteristic in a sample exists, which is not
uniform throughout the total population, expansion of that sample leads to overrepresentation of
that characteristic. The overrepresentation of any characteristic in a sample is known as a bias.
For this reason, some applications require a higher sample rate for better accuracy. Historically,
travel times require a smaller sample to accurately represent an entire population, but O-D
applications often require larger sample rates to be considered valid for representing entire

populations.

Table 2 explores penetration rates of the major studies explored in this literature review. The
chart below is ordered chronologically by general applications. GPS penetration rates do not
appear to be dependent on any particular factor other than the vendor who supplied the data.
Vendor information is not included in Table 2, but the sample source column may help to
identify different GPS data sets.
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Table 2 Penetration Rates Observed in GPS Studies

Author Year Penetration ~ Sample Success Notes
Rate Source
Network Construction
Davies et al. 2006 - - Yes Network Construction
Biaglioni & Eriksson 2012 - - Yes Network Construction
Xie etal. 2015 - Shuttle Yes Network Construction
Buses
Zhang et al. 2017 - Taxis Partial Network Construction
Marinelli et al. 2017 - All Vehicles  Yes Map Matching
Bastani et al. 2019 - - Yes Network Construction
Travel Times
McCormack et al. 2011 - Trucks Yes Travel-Time Reliability
Ban et al. 2011 - All Vehicles  Inconclusive  Traffic Signal Queue Length
Tao et al 2012 - All Vehicles  Yes Speeds
Golias et al. 2012 - Trucks Yes Truck Turn Time
Kattan et al. 2012 3% Cars Yes Ramp Metering
Liao 2014 10.0% Trucks Yes Travel-Time Reliability
Pinjari et al. 2014 10.1% Trucks Yes Travel-Time Reliability
Asakura et al. 2015 0.2%-0.5%  All Vehicles No Real-Time Congestion
Altintasi et al. 2016 3% All Vehicles  Yes Real-Time Travel Times
Stimpancic et al. 2016 6% All Vehicles  Partial Real-Time Congestion
Origin Destination
Bazzani et al. 2010 2% All Vehicles  Yes Route Choice - Telematics
Liu et al. 2013 4.3-81% Taxis No Vehicle Emissions
Bernardin et al. 2014 10.1% Trucks Yes Truck Demand Model
Kamali et al. 2015 10.1% Trucks Yes Commodity Isolation
Kamali et al. 2015 10.1% Trucks Yes Route Choice
lkeda et al. 2016 - Pedestrians Yes Evacuations Routes
Tahlyan et al. 2017 - Trucks Yes Route Choice
Weng et al. 2017 - Taxis Partial Vehicle Emissions
Zhang et al. 2017 - Taxis No Vehicle Emissions
Gately et al. 2017 - All Vehicles  Inconclusive  Vehicle Emissions
Kan et al. 2018 44% Taxis No Vehicle Emissions
Markovic et al. 2018 1.8% All Vehicles  Yes Transit Improvements
Markovic et al. 2018 1.8% All Vehicles  Yes Various Applications
Zhao, et al. 2020 - Trucks Partial Commodity Flow Analysis
Volume Estimations
Goodall et al. 2012 - All Vehicles  No Vehicle Detection
Haque et al. 2016 3-20% Trucks Yes Truck Parking Demand
Torrey 2017 - Trucks Yes Truck Parking Demand
Young et al. 2017 0.57% All Vehicles  No Traffic Counts
Miller, et al. 2017 2.8% All Vehicles  Partial Traffic Counts
Sekula et al. 2018 1.8% All Vehicles  No Traffic Counts
Markovic et al. 2018 1.8% All Vehicles  No Traffic Counts
Diaz-Corro et al. 2019 - Trucks Partial Truck Parking Demand

3.4.2 Strengths

Satellites orbit the earth uninterrupted which enables companies to track locations of

individuals continuously. GPS data is often available for retroactive purchase in the event that an

agency needs comparison data sets. When GPS data is collected by companies it is not restricted

to one small region as is Bluetooth data. The data represents a sample of the entire available

population at every possible location where GPS connections exist.
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Agencies do not need to install, maintain, or set up equipment for GPS data collection. GPS
vendors collect data on behalf of agencies. GPS infrastructure exists because of the efforts of the
United States military and the collective purchase of smartphones with GPS functionality. The
infrastructure is highly reliable and properly maintained without any involvement from

transportation agencies.

GPS is highly accurate and can track entire individual traces. The average GPS-enabled
smartphone can introduce an accuracy error of 12 to 16 feet in open sky conditions (Diggelen &
Enge, 2015; Tomastik & Mokros, 2017). Accurate location information paired with frequent
ping rates allows individual traces to be identified. Unlike Bluetooth which tracks vehicles as
they pass a receiver, GPS is being tracked continually at regular intervals. Pings can be as
frequent as once every second (Goodall, 2012; Tao, 2012; Asakura, 2015). One researcher used
rates with up to 15-minute intervals (Pinjari, 2014). Chapter 4 will explain that LBS can also
have similar rates but is known to be more sporadic. GPS tends to have pings with consistent
intervals that provide accurate locations. The regular pings and accuracy of GPS locating allows
for true O-D to be obtained. Each ping has an associated location that can reveal entire traces that
include the true start and end of each trip. A complete trace has the potential to help agencies

infer trip purpose because home and work locations can be inferred.

Instantaneous speed information is frequently collected for each ping. From the location and
associated times, average speeds may be obtained between two consecutive points. This allows

additional flexibility for agencies who prefer one over the other.

Several vendors install GPS equipment in fleet vehicles which makes it easier for agencies to
obtain data sets specific to a particular mode. In addition, some data vendors are able to separate
fleet vehicle data from regular drivers because of how data is obtained by these vendors. In
general, GPS data can identify motor vehicles well but data for active modes seems to be in short
supply. Additional research should be conducted to see how GPS could be used for transit and

active transportation modes.

3.4.3 Weaknesses

Penetration rates for GPS data are generally lower than Bluetooth or MDD. Table 2 shows

that penetration rates for an entire population (All VVehicles) are often around 1%-2%. The low
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penetration rate may make GPS data unusable for certain applications such as extracting O-D. If
one wants to isolate a particular mode such as trucks or taxis, Table 2 shows the penetration rate
of a subsample for trucks and taxis. One data set consistently sampled 10% of all trucks in North
America, while taxi samples range from 4% - 40% of all taxis in a specific region.

Finding the right ping rate is important for many projects and sometimes the ping rate may
not be frequent enough for use. GPS technology has the ability to record longitudinal and
latitudinal coordinates on an interval basis. Some data sets record locations as often as every
second (Tao, 2012). If timestamps do not occur frequently enough then it is difficult to determine
which route a vehicle traveled as there could be several alternative routes between recorded
times. Kamali et al. (2015) used data with 5-20-minute intervals between timestamps and found
that in many cases they could not accurately determine speeds or even route traveled. For
example, a 15-minute ping rate can increase the number of possible parallel routes traveled
during that time while a 1-second ping rate would leave no room for guessing. Tao et al. (2012)
discovered that 10 seconds between timestamps was optimal for eliminating alternative routes
and avoiding excess data collection. Overly frequent timestamps created data clutter that wasted
server storage yet resembled data with smaller ping rates. In some instances, there is insufficient
data collected for arterials and predictions cannot be made. Often areas that have insufficient
data are of lower priority or concern. It may be better to have higher ping rates than needed

because one can always filter out excess information.

GPS can lose signal underground, near tall buildings, or near natural features such as
canyons. GPS requires direct line of sight between satellites and the GPS device. Reflection can
cause the signal to bounce which causes issues with accurately identifying where a GPS device is
truly located. Additionally, signal might be lost when vehicles are in tunnels or structures such as
parking garages. A loss in signal can result in one trip being split into two which generates a
false number of total trips in a study area. Pinjari et al. (2014) worked on a method that
combined pieces of trips spliced by a loss of signal. This method was successful in matching

commercial trucking trips that were incorrectly spliced.

In the past, GPS has not been accurate in urban environments. Prior to 2014, several major

probe data vendors provided accuracy on highways but struggled to provide reliable data in areas
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with traffic signals. Changes to algorithms have drastically changed the accuracy of results in
just a few years (Sharifi, 2017). Findings indicate that probe data is now sufficient to predict

arterial patterns with reliable accuracy.

Raw GPS data requires extensive filtering which may be out of the scope of a transportation
agency. Kamali et al. (2015) described the monstrous task of filtering 725,000 commercial truck
GPS data points. After significant processing, the original data set was shrunk to approximately
84,000 trips. Information that needed to be removed included outliers as well as extraneous
information. An example from this paper explained that when a truck stops for refueling or other
activities a single trip may be divided into two separate trips. The unnecessary divisions falsely
represent the true origin and destination. Another example from the paper mentioned cyclical
delivery routes that start and end at the same place. In this scenario, it is best to divide each
delivery as a separate trip. Sometimes anomalies must be removed. An example of an anomaly in
the data is having a truck speed above 100 miles an hour. In the United States trucks are often
limited to 60 miles an hour. Trucks traveling at unreasonably high speeds need to be removed
from the sample. After sifting data, the remaining points needed to be map-matched onto a
known road network. This level of processing may require third-party help depending on an
agency’s staffing and resources. This level of processing could take several years to develop a
system, train staff, process data, and perform meaningful analysis. The computing power needed
to store and process that much information could be a limiting factor for many smaller agencies.
A partnership with universities or a third-party data specialist may be a better option for

agencies.

When purchasing filtered data engineers should know how it was filtered. Pinjari et al.
(2014) explains that knowing what data you are given is essential. For instance, the travel-time
data that you purchase might include refueling and overnight rest stops. If you want to know
total driving time excluding refueling and other stops, then the data needs to be filtered
differently. Knowing how the company collects their information can be important based on
what you plan to use the data for. It was also mentioned that some GPS devices are programmed
to stop data collection if the vehicle is turned off or does not change position for a certain length
of time. These variations could affect the precision of the data and should be known to the

purchaser of the data sets.
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GPS data is more prone to show bias. It is important to remember that GPS data sets
represent a sample. Lower penetration rates may increase the chances of unintentionally
introducing bias to a scaled-up sample. For example, GPS devices are installed in fleet vehicles
on a mass scale. Bernardin et al. (2014) found that the probe data used was skewed towards long-
haul trucks and that short-haul trucks were underrepresented because of how data from fleet
vehicles were collected. This is particularly problematic because driving habits differ between
commercial and consumer vehicle owners. In addition, a consumer is unlikely to use GPS to
commute to work or travel to frequented places. Instead, the consumer will use GPS for irregular
trips which will introduce a bias to irregular locations. Transportation analysts want data that
represents the travel patterns of individuals throughout their daily routine and not just the
irregular trips. When samples that contain bias are scaled up, the bias becomes magnified. Bias
could also hyper represent certain professions, socioeconomic groups, and age groups. Inversely,
bias could exclude various minorities such as elderly individuals without smartphones. To avoid
such problems larger samples are ideal especially for applications that involve O-D matrices.

Other biases may exist, and further research should be conducted to identify all known biases.

The accurate nature of GPS, and its ability to track true O-D, open the door for potential
privacy issues. GPS is accurate and can track true O-D information which can reveal homes and
workplaces. Companies that sell data often try to obfuscate true O-D information by simplifying
the end points to traffic analysis zones (TAZs) or counties. This makes the data more anonymous
but it is not fully secure. By identifying a unique workplace and home location, inferences can be
made to identify an individual. If one acquired multiple data sets and superimposed the data, one

might be able to identify individuals based on predictable travel patterns (Thompson, 2019).

3.5 Summary and Recommendations

GPS is a well-established technology that relies on a network of satellites orbiting the earth.
Signals are sent between receivers and satellites and require line of sight for accurate results.
Vendors collect location information through hardware installed in a vehicle or data collected
through a downloaded smartphone app. GPS pings are frequent and provide a level of detail that
allows individual traces to be identified. Currently applications of GPS include network
construction, travel time, origin-destination, and traffic counts. All applications have seen

significant success except for traffic counts which determined that GPS played an important role
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in improving traffic count model accuracy. Future work needs to be implemented to derive
accurate traffic counts. GPS is an excellent source for obtaining detailed traces that represent true
O-D. GPS data is accurate and reliable. Fleet vehicles are often used as a foundation for GPS
data sources which can allow differentiation of vehicle modes. Truck or taxi data can be isolated
and analyzed separate from the entire population which makes GPS good for targeted studies.
GPS often has lower penetration rates and is prone to sample bias because of its strong fleet
vehicle representation. The ability to track true O-D presents potential privacy issues because
home and work locations can be inferred; all trips are potentially included in the data, but other
trip types do not pose as great a privacy threat. Most vendors de-identify data to TAZs to hide an
individual’s identity. In general, GPS is best suited for vehicles and has not been extensively

used for tracking active transportation or transit modes.
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CHAPTER 4 - MOBILE DEVICE DATA

4.1 Overview

A large proportion of individuals in modern society carry mobile electronic devices at all
times as a matter of habit, utility, and convenience. These devices — principally mobile phones
but also smart watches, fitness trackers, music players, and others — connect to data networks in
order to provide services to their users. A number of such services require the device to know its
location in space: mapping and navigation services, weather updates, and more. Even before the
proliferation of these modern services, cellular phones send data to and from towers that are
located in space. Over the last ten years, private firms have developed techniques to gather,
aggregate, and resell data from cellular towers and location-based services (LBS). MDD is then

aggregated, processed and sold to transportation agencies to be used in planning exercises.

In this chapter we review the literature surrounding the use of MDD in transportation
planning. The chapter begins with a discussion of the technologies involved in MDD, including
cellular triangulation and LBS. Though the technologies underlying the two types of data are
different, the resulting data products are used in the same manner by transportation planning
agencies. Further, third-party aggregators have largely stopped reselling cellular CDR data as of
summer 2020. Nevertheless, the literature using cellular data still contains lessons that apply to

LBS data, so we include these studies in the review that makes up the bulk of the chapter.

4.2 Mobile Device Data Underlying Technologies
As discussed above, two separate technologies underly the mobile device data that is resold
by third-party data aggregators: cellular call data records that are geospatially located through

cellular towers, and location-based services within a mobile device.

4.2.1 Cellular Call Data Records

Cellular networks are composed of cellular towers and base transceiver stations installed and

maintained by each telecom company. Cellular phones connect to service networks by sending
radio signals to and from cellular towers. By measuring the signal strength of a device among
multiple cellular towers or base transceiver stations, a telecom company is able to triangulate a

device’s location relative to the towers at each point in time. The location is triangulated for
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outgoing and incoming text messages, calls, and internet connections. Telecom companies also
track location information when a handoff between towers occurs. Handoff to an adjacent
cellular tower may occur due to increased call volume on the cellular network or movement of a
customer to a new physical location. Occasionally a carrier may randomly scan for a device after
periods of prolonged inactivity. These random scans, known as periodic location updates, help

carriers to reestablish the location of a customer (Miller, 2017).

Ping rates for CDR data are often dependent on the user placing a call or sending or receiving
a text message. Cellular companies only record locations and timestamps when a user utilizes
the cellular function of the device, changes location between towers, or the company
reestablishes a customer’s location through periodic location updates. Since data is collected
only periodically, in many cases CDR records have large temporal gaps between recorded
locations (Igbal, 2014). The long inactivity of users may have the effect of producing data with

missing location histories which could reduce the data’s usability.

Similar to the method of trilateration via GPS discussed in Chapter 3, cellular triangulation
accuracy is dependent on the number of cellular towers a device is within range of. In general,
cellular triangulation has lower spatial resolution because it relies on a cellular phone’s relative
location to a cellular tower. A study by Tran (2015) determined that without the supplemental aid
of GPS satellites, three cellular towers in a rural location can locate an individual within a %
square mile region. There are characteristics of cellular service offerings that can affect this
spatial precision. In instances where the nearest cellular tower is busy, the next nearest cellular
tower is then used to handle the phone’s cellular traffic. This improves service for the customers
but degrades the precision of the spatial estimates beyond % square mile in a rural area. Although
the author did not specify how much improvement was made in urban environments, an
improvement in locational accuracy increased with the shortened distance and increase in

number of cellular towers.

In the 1995, The Federal Communications Commission started an initiative for improving
emergency location services. The initiative was dubbed enhanced 911 (e911) and eventually
inspired Congress to institute legislation which required telecom companies to be able to locate
an emergency caller to within 160 ft 67% of the time or 490 ft 95% of the time (Ratti, 2005,
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Spinney 2003). To do this, an improvement in GPS was made which is referred to as assisted
GPS (aGPS) which uses cellular towers’ continual connection to GPS satellites to expedite
locating individuals. This improvement allowed agencies to locate individuals up to 10 ft in
perfect conditions. The increased capacity of carriers to track customers provided a rich data set

that could be used to track the unique traces of individuals.

The penetration rate of CDR data is often large because it corelates directly with the commercial
market share of a given telecom company. Some of the largest companies have a market share
that fluctuates around 30% (Statistica, n.d.). According to Pew Research Center (2019), 96% of
adults have a personal cellular phone of which 84% are smartphones. Due to the near universal
ownership of cellular devices, a CDR sample can often be approximated as the commercial

market share of that CDR provider.

Many companies such as AirSage and StreetLight have taken CDR data and then provided it
to researchers for various transportation applications (Miller, 2017; Huntsinger, 2017; Monz,
2019). In the United States, significant backlash regarding privacy of customer records
encouraged every major telecom company to cut ties with third-party data vendors by summer
2019 (J. Rosenworcel, personal communication, May 15, 2019). Consequently, most data
vendors have made a shift towards LBS data collected from mobile apps among other sources.
Further research might be conducted on how telecoms are using aGPS data internally in
applications with relevance to transportation planning, but public transportation agencies
currently do not obtain position data directly from cellular carriers.

4.2.2 Location-Based Services

Many applications on modern “smart” devices offer services based on the user’s location, or
location-based services (LBS). These LBS include navigation and mapping applications, weather
and news updates, location-based advertising, and many others. The application receives location
information from the device’s operating system. The device might determine its location by a
variety of methods — including GPS, cellular tower triangulation, or connecting to a Wi-Fi
network with a known location — depending on the device’s specific hardware and user
configuration. Wi-Fi is a wireless system that allows individuals to connect to the internet. A Wi-

Fi network is comprised of various receivers that can broadcast an internet connection to
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computers, phones, and tablets. Unlike GPS, which requires a direct line of sight with satellites,
Wi-Fi technology has the ability to locate a position underground within feet of the individual,
provided there is a Wi-Fi router in that space. Wi-Fi technology can be used to locate a device
above and below ground, or on specific floors in a multistory building.

When software developers include LBS in their application, they will typically do so using a
software development kit (SDK) (Li, 2017). An SDK provides the tools and dependency libraries
to engage LBS in an application, meaning that the developers do not have to re-build all the LBS
infrastructure for each new application. The analogy of going to the grocery store for vegetables
which you did not grow is very similar to the use or licensing of SDKs. App developers are able
to select various SDKs as a foundational infrastructure for an app. An important consequence of
this, in the context of passive data, is that when an application requests location data from a
device, the device location is revealed not only to the servers for that application, but also
through the servers that operate the SDK (Morrison, 2020). Thus, popular SDK developers —
such as Cuebiq and ironForge — collect LBS data from a large number of LBS applications. It is
estimated that at least one-third of mobile apps actively track customer locations (Montjoye,
2013). More recent projections show that certain advertisement companies have their code
embedded in as much as 40% of apps in the Google Play Store (Waddell, 2020). It is worth
noting, however, that companies which develop some of the most common LBS-using
applications — including applications by Apple, Google, Uber, etc. — typically have the resources
and motivation to develop their own LBS software and services rather than rely on third-party
developers. In doing this, these large companies can develop their own database of device

location data, though these companies do not typically sell this data to LBS aggregators.

If a device — and the apps inside it — can obtain location data from Wi-Fi access points, the
Wi-Fi access points can also see which phones are nearby. When Wi-Fi in a smart device is
activated, the device regularly searches for routers that it can join by sending out a probe request
(Freudiger, 2015). These requests might occur up to 55 times per minute and transfer the device
MAC address to the router even if the device does not establish a connection to the network
(Matte et al., 2017; Li et al., 2017). Large institutions and telecom companies that operate
networks of Wi-Fi access points can therefore trace individual devices with some degree of

accuracy.
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Transportation agencies can purchase location information directly from the SDK developers
and Wi-Fi positioning system operators, but more often agencies will buy from third-party
aggregators such as StreetLight Data or AirSage. These aggregators clean and process the raw
location, time, and device points into forms that transportation agencies can most effectively use.
In the remainder of this chapter, we discuss specific applications of these various technologies,
though the studies we discuss include a mixture of raw and pre-processed data obtained through

third-party aggregators.

4.2.2.1 Social Media Applications

One additional technology bears noting, though it is mostly irrelevant at the writing of this
report. Social media applications frequently contain tools whereby users can geolocate their
posts, providing a mechanism for a variety of transportation-related studies. Applications where
users place themselves at a business or attraction could be used to study trip attraction patterns
(Gao 2017; Jin et al. 2014; Yang et al. 2014; Jin et al 2013; ); networks where users place
photographs might be used to study road conditions or land use (Yan et al. 2019; Sun et al.
2012), and determining home and work location from repeated location observations (Schlieder
et al. 2010; Steiger et al. 2016; Huang & Wong 2016; Huang & Wong 2015; Huang 2014; ). This
kind of data has high and intuitive sources of bias: Users are most likely to post activities that are
most interesting to their friends and followers, and the sociodemographic makeup of the most
frequent users is unlikely to represent the wider community (Jin et al. 2014; Yang et al. 2015).
The ephemeral nature of many social media platforms also calls the sustainability of this data
source into question. While potentially useful as a behavior data source in particular research
studies, it is unlikely that transportation agencies will be able to use social media platforms in

any ongoing projects.

4.3 Transportation Studies Using Mobile Device Data

Mobile device data — including data derived from both cellular CDR and LBS data — has
been used extensively for many applications: origin-destination studies, trip attractions, volume
estimations, and mode differentiation. Table 3 summarizes several studies presented in this

chapter.
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Table 3 Mobile Device Data Studies

Author Year Success Notes
Origin Destination
Caceres et al. 2007 - Transit surveys
Bernardin et al. 2017 Yes Long-distance travel demand model
Yinetal. 2017 Yes Activity-based travel demand model
Huntsinger et al. 2017 Yes External trip model
Kressner et al. 2017 Yes Synthetic populations; Travel Demand modeling
Zalewski et al. 2019 Yes Travel demand modeling / Prioritization of traffic
Trip Attractions
Friedrich et al. 2010 Yes Impact analysis (level of service)
McCahill et al. 2017 Yes Last mile traffic demand
Elkind 2018 - Impact Analysis (vehicle miles traveled)
Fehr & Peers 2020 - Impact Analysis (vehicle miles traveled)
Volume Estimations
Gaoetal. 2013 Partial Volume counts from parallel traces
Turner et al. 2017 No Volume counts from travel demand models
Codjoe et al. 2018 Partial Volume counts from travel demand models
StreetLight Data 2019 Partial Volume counts from travel demand models
Mode Differentiation
Gaoetal. 2013 Partial Parallel traces & travel times
Bonnetain et al. 2019 Yes Mapping traces to multi-layered modal maps
Chenetal. 2019 Partial Above-and-below ground differentiation
StreetLight Data 2019 Yes Dedicated active transport counters

4.3.1 Origin-Destination Studies

In an origin-destination (O-D) study, the researchers are interested in understanding where trips
originate, and where they are going. MDD can be aggregated to generate origin-destination
tables at arbitrary geographies or time periods. In these data products, information on the route
taken between origin and destination zones is not disclosed. Figure 10 provides a schematic of
the data contained in these O-D data sets: The analyst knows the total flows between zones
captured by the MDD process, but not any information regarding the path taken. This is for a
number of reasons, including privacy protection and also an irregular ping rate relative to GPS
data. The remainder of this section will explain how MDD data has been used in various O-D
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applications.
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Figure 10. Origin-destination records as represented in mobile device data.

MDD data is frequently used to supplement travel surveys and travel demand models, above
and beyond efforts to improve travel surveys by delivering them through location-enabled
smartphone applications. Various travel demand modeling tools are created to assist
transportation agencies in planning future communities as well as assessing current
infrastructure. These models are typically estimated and calibrated from household travel
surveys. These travel surveys typically are infrequent, expensive, have small sample sizes,
contain inherent bias related to the profiles of survey respondents, and have low response rates
overall (Yin, 2017). It is now effectively standard practice to supplement household travel
surveys with passive O-D tables derived from MDD when developing regional and statewide

travel demand models.

A major limitation in using O-D tables for travel demand analysis is that it is often difficult

to know behavioral and sociodemographic details of each trip recorded in the aggregated tables.
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One area where this is less of a limitation is in developing external trip models, or submodels
that generate and distribute trips that are inbound to the region, outbound from it, or passing
through without stopping. In these submodels, the trip purpose and sociodemographic makeup of
the trip maker is usually not considered in any meaningful way. The primary consideration is the
spatial distribution of the trip origin and destinations, which aggregate MDD can readily provide.
As such, a number of studies have shown how O-D tables derived from MDD can be used to
generate and inform external trip models. Huntsinger et al. (2017) used CDR data as an input to
create external trip models for Asheville, North Carolina, and found that results favored well
with comparable travel surveys. In another study on behalf of the Ohio DOT, Miller et al. (2017)
compared external trip models developed using multiple data sets, including O-D tables derived
from both CDR and LBS. The study emphasized the importance of cleaning and reweighting the
O-D tables based on observed highway counts, to correct for potential bias and missing

observations in the passive data.

A similar situation to external trips exists with long-distance trips, such as are often found in
a statewide travel demand model. Bernardin et al. (2017) used CDR data to update a statewide
long-distance travel demand model for Tennessee. They found that long-distance trips were
overrepresented relative to short trips in the aggregate data when compared against a household
travel survey. Despite this bias, the travel demand model calibrated to the CDR data compared
favorably with previous methods and were within 1.5% of observed trips with the exception of
one district in their study region. It was concluded that despite inherent bias, CDR data added
considerable value toward travel demand models. Other states that are known to have used MDD

tables in their statewide modeling efforts include North Carolina, Virginia, and Oregon.

According to personal correspondence with Vince Bernardin, aggregate O-D tables are
commonly used to calibrate the trip-distribution model components of a regional travel demand
model. It is unlikely to obtain a household survey sample that can generate statistically valid
estimates of the flows between zones or districts; the aggregate O-D data derived from MDD can
therefore provide a calibration target in addition to other measures. This target is usually made
part of a traditional calibration effort, but in a recent application in Charleston, S.C., the O-D
table was implemented into the model itself as a “shadow price;” that is, the destination choice

model was configured to self-calibrate to the aggregate O-D data.
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To date, O-D tables have been largely used as checks or calibration targets in travel demand
models. There are ongoing efforts to use passive data in a more robust way in developing the
travel models. Yin et al. (2017) developed a generative activity-based travel model by training a
series of machine learning algorithms on a large selection of CDR data in the San Francisco Bay
region. The resulting model validated well against a more traditional activity-based model
developed from a household travel survey. There are also efforts to develop what are called
synthetic travel diaries. In these efforts, sociodemographic data and MDD O-D tables are joined
using various statistical modeling processes. The resulting product contains the O-D patterns
observed in the MDD data, but with additional behavioral and sociodemographic data appended
to each trip. The data are synthetic, in that they do not actually contain the travel patterns of any
real individuals, but Kressner et al. (2017) found that a synthetic model for Atlanta and Seattle
compared favorably with existing surveys and other validation tools. For state departments,
synthetic modeling has the potential for allowing agencies to obtain data for smaller regions
without expensive travel surveys, standardizing reports, and allow for greater targeting of

transportation improvements.

Another way in which O-D tables can be used in wider transportation planning efforts is to
identify trip distribution patterns that might not be uncovered in a focused travel survey. Caceres
et al. (2007) explained that traditional transit travel surveys only targeted existing users of the
transit system and failed to address potential riders. In a case study reported in Zalewski et al.
(2019), the regional transit agency in Savannah, Georgia purchased aggregate O-D tables for use
in their transit service planning. This agency recognized that an on-board rider survey would
only reveal trip patterns that were currently possible using their system and would not capture
potentially large trip generators that they did not serve well. After using LBS data, the
researchers discovered that large numbers of people were frequenting a mall and large health
facility that were not connected to existing transit infrastructure. This discovery allowed the

agency to reconsider and replan their service offerings.

4.3.2 Trip Attractions

A special case of an O-D study occurs when an analyst or agency wishes to examine trips
inbound to a particular zone or facility, rather than O-D patterns in general. Figure 11 illustrates

this particular scenario. There may be various reasons to conduct such a study, and there are
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many examples in the academic and practical literature. For instance, in constructing a new
development, you may want to identify a similar facility in a different location and conduct a
traffic impact analysis. By identifying where people are coming from to a specific location, you
can use those findings as a forecast for the new development.
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Figure 11. Origin points for trips to a destination facility in MDD.

A major area where trip attraction data is of relevance to transportation planners is in regard
to traffic impact studies. A typical traffic impact study will estimate trip attractions to a proposed
development using reference materials such as ITE Trip Generation, and will then forecast the
traffic impacts to local roadways in terms of Level of Service (LOS). In September 2013, the
government of California passed Bill-743 (Caltrans, 2020). To adhere to California’s climate
change reduction goals, the bill replaced LOS with vehicle miles traveled (VMT) as an impact
analysis measure. This created two basic problems. The first problem is that Trip Generation
primarily measures vehicle trips rather than person trips; a VMT-based analysis will show
substantively different impacts when there is an appreciable share of non-vehicle trips. The
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second problem is that the actual origins of the site trips — that is, beyond the specific project
area — are not known, thus calculating the average or total trip distance is impossible. Aggregated
O-D data can help to resolve both of these problems, as has been shown in a series of recent
research and practical efforts (Elkind, 2018; Fehr & Peers, 2020). The availability of these data
sets thus enables a more holistic view of traffic impacts than the current LOS-based

methodologies.

Beyond traffic impacts, MDD can be used to examine questions of site access for specific
land uses. McCahill et al. (2017) used LBS data to identify where last-mile trips near light rail
stations were coming from. In this study a major roadway stood between the light rail station and
some poorly connected neighborhoods. The region wanted to increase access which would
hopefully lead to increased transit ridership. The researchers found that many people were forced
to walk through awkward routes to the rail station. The researchers concluded that walking trips
were likely to increase if accessibility to the rail stations was better. A post-project analysis also
using LBS data could confirm these suspicions. McCabhill et al. (2017) admitted that further
refinement and validation needed to be performed to solidify the methodology and perform
further analysis.

MDD is often sold to firms for help with location analytics: By observing trip origins to
existing or competitor facilities, firms can decide where to locate new facilities or expand
existing ones. Public planning agencies can follow a similar strategy for identifying locations for
parks, libraries and other community resources. Indeed, a number of studies in the park access
literature use MDD for exactly this purpose (Monz, et al 2019; Macfarlane et al 2020).

4.3.3 VVolume Estimations

Traffic counts are an essential performance measure collected by agencies. These counts are
typically collected using temporary pneumatic tubes, radar, software-augmented video systems,
or in-pavement loop detectors. In some applications, manual counts are still conducted. Each of
these various systems has drawbacks and limitations. Many researchers are beginning to
investigate if MDD, particularly LBS, could supplement or replace traditional traffic counting
activities. This is a particular concern in rural areas, where traffic infrastructure of all kinds is

less available, and where manual counts are marginally more expensive. Figure 12 depicts a
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simplified scenario where a physical counter detects 30 unique vehicles within a specific time
frame. This information is used as a reference for MDD data that is collected at the same time
and place as the physical counter data. In this example there is a ratio of 3 MDD traces to 30
actual vehicles (a penetration rate of 10%). In order to use the MDD points, the data must be
scaled to represent the entire population. In this case a factor of 10 would be used to boost the
sample to represent the entire population. In reality, multiple data sets are used to weight the
volume data, including census, demographics, credit spending reports, travel surveys, etc. It is
also important to understand that time between MDD locations may be less regular than GPS and

so specific traces may not be obtained as easily despite a larger sample of MDD data.
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Figure 12. Example of how MDD traffic counts are validated and expanded.

Turner et al. (2017) used LBS and GPS data to create an AADT counter tool derived from a
combination of GPS-based apps, other mobile data, and census data. The data was calibrated
using permanent and temporary road counters in the state of Minnesota. The research determined
that error was substantial — even after removing low-volume roads from the analysis — and
refinements to their algorithm would require additional research. The MDD was consistently
reporting higher AADT than the permanent counting stations provided by the state. The authors
assumed that low sample sizes in low-volume areas contributed significantly to the high errors.

At the time CDR was the primary input to the StreetLight Data algorithm and mobile app data
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was not being used. Their standard errors were approximately 16-40% and needed to be 10% or

less. They concluded that tube counts were more accurate than using LBS data.

StreetLight continued to modify their AADT tool introduced in Turner et al. (2017).
StreetLight found that the revised tool could find counts in remote areas that traditionally did not
have any counts at all. Government organizations without budgets to perform manual counts
could use the tool in place of a physical traffic count. The Federal Highway Administration
(FHWA) has set a minimum standard from which StreetLight bases its root mean square error
(RMSE). StreetLight has achieved an r? value of 0.9616 for areas with greater than 5000 AADT.
Areas with less than 5000 AADT are not included in this analysis (StreetLight, 2019), and
independent verification of these results would be beneficial. As traffic decreases in remote areas
the error in their data increases dramatically which was further validated by ODOT (Roll, 2019).
They argue that regardless of errors in the data, their methods outperform traditional traffic
counts which also have large error due to the short nature of traffic count studies. ODOT also
concluded that the use of third-party data would likely result in cost reduction when compared to
traditional data collection methods. ODOT confirmed that AADT can be reasonably predicted on
roads with greater than 5000 AADT. They also confirmed that data for less traveled roads had
high errors and traffic counts were consistently overestimated. ODOT suggested sharing some of
their state-collected data to help cater and train the StreetLight party algorithm. They cautioned
that only a portion of their data should be used to maintain the ability to conduct independent

evaluations in the future.

Rural AADT counts have also been attempted by Citilabs, a software firm. Codjoe et al.
(2018) under the Louisiana Department of Transportation used and validated an AADT tool
named Streetlytics by Citilabs. This tool works by assigning O-D tables purchased from another
third-party vendor to a highway network using a static-user equilibrium-route assignment
procedure. Despite the large errors, the researchers determined that federal guidelines were often
met while using the Streetlytics software. Similar to StreetLight’s tool, the Citilabs tool
successfully provided counts for all roads in Louisiana. They determined that data provided by
Streetlytics was comparable to traditional count data which also contains large errors. They

determined that the count data was valuable especially for areas where traditional counts may not
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exist. The agency determined that the data would provide acceptable results while likely

reducing the cost of deploying manual counts significantly.

To obtain accurate AADT counts it is important that only one device per vehicle is counted.
Some vehicles may have multiple devices which could overpredict AADT counts. It was noted
earlier that StreetLight Data seemed to consistently overestimate traffic counts (Roll, 2019). The
presence of multiple cell phones could be a cause in these overestimations. Gao et al. (2013),
using a simulation, assumed that there is often more than one cellular device in each vehicle. The
researchers created an algorithm that clustered cellular traces if they were moving in unison.
Using the clustered data and average recorded speeds of vehicles, the researchers were able to
differentiate between cars, buses, and trucks. The number of phones in one vehicle was used to
identify buses, while average speeds were used to identify cars from trucks. Trucks typically
have lower traveling speeds. This method is interesting because it removes potential bias from
counting multiple phones in one vehicle. This paper attempts to use mode differentiation to
reduce traffic count error. The main issue with the author's methodology was disregarding
congestion. The researchers noted that in free-flow traffic, their algorithm was quite accurate but
in moments of congestion the tool failed to work because it relied on the relative velocities of
traffic. In addition, there was the chance that vehicles traveling parallel down a highway might
have the same velocity and consequently be grouped into one vehicle resulting in

underestimations. Further work is required to address these issues.

The high usage of free Wi-Fi internet can be used to estimate foot traffic and transit volumes,
particularly in institutional settings, though no third-party vendors were identified that sell this
data. Similar to Bluetooth, estimated Wi-Fi positions can be recorded as an individual passes a
receiver, even if the device does not establish a data connection. The collected MAC addresses
and their histories can be aggregated into a series of routes traveled, can identify duration of stay,
and can identify the number of people in a controlled setting such as a university or mall (Matte,
2018). In Europe, a university used Wi-Fi to track the movements of students on campus
between buildings. They could also determine duration of stay within each building. They found
that the technology compared favorably with questionnaire validation surveys (Kalogianni,
2015). In another study, Transport for London launched a study in 2016 that utilized its in-station

Wi-Fi network to track O-D information from its underground riders. The study indicated that a
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third of transit riders were connected to the Wi-Fi network. They also indicated that ridership
counts could be estimated to improve transit schedules, mitigate disasters, provide estimated time

of arrival to passengers, and increase targeted advertising revenue (Transport for London, 2017).

From current literature, it is apparent that LBS is best used to supplement traditional counts.
Traditional counts and LBS counts can work together to give agencies a more detailed image of
what is happening on various roadways. Both vendor and traditional counts contain bias and
error and combining such data sets limits the impact of erroneous data. (V. Bernardin, personal

communication, July 2020)

4.3.4 Mode Differentiation

Traditionally, passive data has been able to identify the traces of motorists with ease but

struggled to track the movements of cyclists and pedestrians. The proliferation of cellular phones
and MDD presents new opportunities to identify mode-specific detail. Cellular phones have
become highly personalized and typically represent a unique individual. Most phones contain
dozens of apps that track user location. The large amount of mobile app and CDR data has high
probability of representing a diversity of modes. This is a distinguishing feature relative to GPS
data, which typically only contains vehicle data, and even then, only a biased sample of mostly
fleet vehicles. The challenge, which will be discussed in this section, is how to separate data into
distinguishable modes. Figure 13 shows various techniques that have been used to identify
specific modes. (a) Shows how travel times between points can help to identify travel time and
therefore estimate the mode of unique traces. In this graphic it is assumed that the time intervals
are the same for both colored dots. In this case, the green dots represent a slower vehicle because
the individual has traveled less distance in the same time as the blue dots. (b) Represents unique
traces that are traveling in unison. In some cases, this could identify a multi-passenger vehicle
such as a bus. (c) Shows how existing maps may reveal mode. In this image, the blue dots might
indicate light rail transit. (d) If underground transit exists, techniques exist to identify subway

traffic. (e) Shows how some cities have invested in bicycle counting infrastructure.
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Figure 13. Diagrams showing some of the methods for differentiating mode.

Table 4 Mode Differentiation Techniques

Studies Methods Success
Gao et al. (2013) Parallel traces & travel times Partial
Bonnetain et al. (2019) Mapping traces to multi-layered modal maps Yes
Chen et al. (2019) Above-and-below ground differentiation Partial
StreetLight Data (2019) Dedicated active transport counters Yes
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Multi-passenger vehicles may have parallel traces that could identify mode. Gao et al. (2013)
used a clustering approach mixed with travel speeds to differentiate between cars, trucks, and
buses. Knowing that buses typically have multiple people, the researcher identified buses by
grouping unique cellular traces moving in unison down a highway. The researcher then separated
cars and trucks by average speeds assuming that trucks travel at a lesser velocity. The method
was successful in free-flow conditions. The method’s reliance on travel times caused its failure
in congested areas. In addition, there was a chance that vehicles traveling parallel in a platoon-
like formation might be falsely grouped as a bus. Further work needed to be done to address

these flaws with parallel traces.

Another approach for determining mode differentiation is matching traces to a pre-defined
multi-layered modal map like Bonnetain et al. (2019) did in France. The authors made a four-
layer map with layers representing surface-level trams, subway, roads, and buses. Data from a
major carrier were then map-matched onto the four-layered map. The researchers noted that
specific recurring patterns could help to classify each trace. This report offers possible insights

into map-matching techniques that could reveal specific modes.

Chen et al. (2019) developed a model that divided modes into above and below ground. This
study utilized cellular base transceiver stations which allows a cellular network to connect to
users underground. The base transceivers each had a permanent location that was identified as
underground and could therefore be separated from above-ground detections. Modes above
ground were identified using traditional travel-time data. The researchers were able to identify
the underground subway, cars, buses, bicycles, and pedestrians. They found that pedestrians,

bicycles, and motorists were overrepresented. Results in this study required further development.

Physical count data for active modes can be mixed with LBS data to create active mode
travel demand models. Caltrans has been working with data from the San Francisco area to
create active transportation metrics. San Francisco has an extensive bicycle sensor network.
Permanent counting towers adjacent to bike paths track the number of cyclists using designated
bike lanes in the region. Using the data from these permanent counting stations in San Francisco,
Caltrans and StreetLight developed a tool to differentiate modes: walking, cycling, and driving.

Findings indicate that location information can identify a rider’s location to within 16-65 feet.
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They found that penetration rate of cyclists is as low as 1%, as high as 13%, have an average of
4.8% on weekdays, and have a 5.4% average on weekends. Pedestrian penetration rate was as
low as 0.5%, as high as 1.5%, averaged 1.31% on weekdays, and averaged 1.02% on weekends.
They found that walking presented the largest challenge because of the ambiguity of when a trip
began and ended. Findings show that individuals tend to walk around after arriving to a
destination such as work. The time it takes for an individual to settle in one location is
recognized by the software as part of the overall trip which incorrectly increases the travel time
between two specified locations. To expand the data to the entire population, census data was
used. The tool has currently been used to identify which projects to prioritize or to identify

potential areas for further investigation by crews and other means (StreetLight Data, 2019).

4.4 Analysis of Mobile Device Data as a Data Source

4.4.1 Strengths

MDD data is often attributed with larger sample rates. CDR penetration rate, which

represents the approximate market share of a particular carrier, could be around 30% of the total
population. As CDR is increasingly being replaced by LBS data, the penetration rates of MDD
are less publicized and are often difficult to determine. Replica (sidewalk labs), a company that
uses LBS to generate synthetic populations, states that they have a sample of about 5% of the
overall population (Bowden, 2018). Another study using GPS provided by StreetLight, indicated
that the data sample size represented approximately 23% of the total population (Monz, 2019).
From the literature review it appears that sample rates for LBS will vary drastically depending on
region and data vendor. Further research should be conducted to determine each vendor’s

penetration rate.

It is assumed that MDD data carries less bias because of its universal proliferation. Wireless
carriers are chosen arbitrarily, and many apps are nearly universal. This gives MDD a broad and
potentially unbiased sample. There is a possibility, however, that data from specific apps could
introduce bias in a sample. For example, an app that tracks cyclists may introduce a bias for
recreational cyclists because cyclists who commute may not track their activities with an app.

Further research should be conducted to determine possible unknown biases in the data set.
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Some data vendors update their data set regularly as MDD data becomes available. One such
company updates their data every 6 months (StreetLight, 2020). StreetLight pulls data from
many sources, many of which are surveys or census data sets that are updated as infrequently as
every 10 years. LBS data is being generated continuously and StreetLight uses this data to update
their data set every 6 months. Further research should be done to identify if certain data sets

which are frequently updated have any added value for traffic engineers.

MDD is collected by several sources which do not require line of sight. Data can be obtained
for underground and indoor areas. Using existing infrastructure such as cellular networks and
Wi-Fi installations, MDD has a flexibility that other technologies cannot provide. Wi-Fi has the
ability to locate an individual indoors and underground at all times when an individual is within
range of a Wi-Fi router. In many places Wi-Fi is offered as a free service in exchange for
tracking information from that individual. Transport for London used Wi-Fi to identify the O-D
of its riders in the London metro system (Transport for London, 2017). In addition, cellular
coverage can be extended underground with the use of Base Transceiver Stations making MDD a

better location service than GPS in underground scenarios (Chen, 2019)

4.4.2 \Weaknesses

MDD data is rarely sold in a raw format. MDD data is generally collected and heavily

filtered and processed by proprietary algorithms. The competitive advantage of keeping
methodology secret from competing vendors makes it nearly impossible to know how
information is collected and processed. The data is owned by the vendor and the ability to access
the data is granted to the agency. This gives agencies less control over data but allows agencies

to avoid extensive processing and storage of large data sets.

Passive data sets often contain bias. Bernardin et al. (2017) used CDR data and noted that
their long-distance travel demand model overrepresented long-distance travelers. One
assumption made was that short-distance travelers may be less likely to pull out a cellular device
going to places such as a grocery store, while a long-distance traveler is more likely to make a
phone call or use cellular service between destinations. Other biases likely exist which have not

been explored in detail.
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MDD Data tends to work best in larger O-D studies while being less effective in small study
regions. For example, if one is searching for O-D between neighboring TAZ’s there tends to be a
false population generated (Colak 2015). Miller et al. (2017) also indicated that removing some
of the TAZ detail may reduce cost as well as increase accuracy in O-D results. Miller et al.
(2017) indicates that short trips, which constitute a large portion of daily movements, were
missed. They hypothesized that a vehicle’s origin and destination may be within the same TAZ
which would not be recorded as a trip if models are reducing data accuracy to the nearest TAZ.
Further obfuscation of personal information may also lead to blurred location. Friedrich et al.
(2010) also indicated that in order to derive useful data, smaller regions required longer

aggregation periods. In general, large regions were easier to derive O-D.

CDR has lower spatial resolution as the location is estimated in relation to a fixed tower.
Cellular triangulation precision is dependent on the number of cell towers as well as the spacing
of those towers in relation to the object. Colak et al. (2015) mentions the “inherent noise
contained in the data due to tower-to-tower call balancing.” This jump from tower to tower may
signal a trip generation when in reality the individual remained stationary. A cellular tower can
typically locate individuals to within 330 feet of the tower (Miller, 2017), but locations may be
off as much as 980 feet. Tran (2015) noted that without the aid of GPS satellites, three cellular
towers can locate an individual within a % square mile. In rural areas where cellular towers are
more sparsely located accuracy can be diminished. In instances where the nearest cellular tower
is busy, the next nearest cellular tower is then used to locate a cellular phone which can extend
the accuracy beyond % square mile. For MDD sources the spatial resolution may also be difficult
to isolate. The locational precision of an individual app user may be affected by how the device
is connected. If the device is connected to a Wi-Fi network it will log a location based on where
the router is. If an app user is driving the location will be recorded using the GPS functions of the
phone. These differences in how a location is recorded for the same user may result in truncated
precision at different levels. Further investigation should be conducted to see if location
precision is truncated differently between apps. The aggregation of data from many individual
apps may provide varied levels of precision that may lower the spatial resolution of the collective

data set (V. Bernardin, personal communication, July 2020).
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MDD often has large temporal gaps. CDR records in particular can have large temporal gaps
(Igbal, 2014). To fill in the temporal gaps found in MDD, vendors often aggregate data from
multiple sources over longer time periods. Unlike GPS which often has a set frequency of pings
or locations recorded, MDD does not. MDD may contain sporadic spatial gaps with varied times
between pings. In many cases the purchased MDD data will only contain origin and destination
points and will not include the exact trace of individuals. The lack of information between O-D
and the low ping rates often disqualifies its use for real-time applications. Low ping rates can
also affect the usefulness of data when unique identifiers are frequently reset. Freidrich et al.
(2010) used CDR, but found that their country regulations required unique identifiers on devices
to be reset after 24 hours which was not long enough to derive all the information they needed.
In the United States, unique identifiers are generally not required to be reset but temporal gaps

are very common.

Penetration rates are generally high, but the actual rate is often unspecified. As MDD has
evolved more towards information collected from smartphone apps, it has become less obvious
where data is coming from. Vendors may collect data from cellular apps, GPS, CDR, census
data, credit history reports, etc. It is assumed that vendors with aggregated sources have
maintained higher penetration rates than Bluetooth or GPS but further investigation should be
conducted to confirm the assumption in this paper. In general, sample rates should be

investigated on a vendor-to-vendor basis.

4.5 Summary and Recommendations

Mobile device data, which comes in multiple forms such as CDR or LBS, is collected from
cellular phones. CDR are records for billing purposes. Data is tracked by the telecom company
when an individual sends or receives texts, calls, or accesses the internet. LBS is collected from
various apps. Many of the apps downloaded on smartphones contain embedded code which
enables application vendors and location service providers to identify locations and associated
times. The location information is aggregated by data vendors who process and sell data to

transportation agencies.

LBS has many strengths and weaknesses. The wide proliferation of smartphones makes LBS

a rich data set that is suspected to have less bias. Sample rates can be as high as a telecom’s
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commercial market share. In cases where LBS data is sourced from mobile apps, penetration
rates have been lower but can still be comparable if not higher than other passive data sources. It
is important to understand that LBS ping rates are much more variable than GPS ping rates
which typically occur at consistent intervals. LBS has an advantage in underground and indoor
settings because Wi-Fi does not require line of sight like GPS technology does. LBS technology
has the ability to be as accurate as GPS sources but can have a distribution of accuracies
depending on which location technology is being sourced. LBS data may record locations
relative to cellular towers, Wi-Fi routers, or the GPS location of the user. Spatial accuracy can be
up to 980 feet off of the true location in extreme cases. LBS tends to work best in larger study
regions because of the lack of spatial precision and the lack of regular pings. Origin and

destination points are often all that are provided because of a lack of specific trace information.

LBS data has been used extensively in traffic demand models with varying success. It is
recommended that LBS data be mixed with historical travel survey information for a more
complete picture. Much of the research on the use of LBS data is ongoing. Several researchers
have failed to use LBS for AADT counts. LBS seems promising for use in mode differentiation.
Recently, California has switched from using LOS as an environmental performance measure to
a VMT model. LBS seems like a promising technology that could aid agencies in VMT
estimations. Further research is needed to determine LBS data’s effectiveness in these mentioned
applications. In general, it is evident that LBS, if not a standalone data set, is highly valuable as a
supplemental data source. The mix of LBS data with other sources provides a more complete

picture of the ground truth.
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CHAPTER 5 - CONCLUSIONS AND RECOMMENDATIONS

5.1 Overview

In this report, the utility to transportation departments of three passive data sources were
explored: Bluetooth, GPS, and mobile device data (MDD) which includes both LBS and CDR as
underlying technologies. Passive data exists as a result of other processes which generate data as
a byproduct which can be used for various transportation projects. Passive data may be created as
a result of individuals connecting to a cellular network, vehicles navigating by way of GPS, the
use of cellular phone applications, or financial firms monitoring the credit of potential borrowers.
As mentioned in the introduction of this report, a number of firms have developed business
models that center around the aggregation and reselling of passively collected data. It is essential
for UDOT and other transportation agencies to understand current capabilities of passive data
sources and the applications of that data. This paper investigated how peer agencies and
academics were using passive data so that UDOT can make informed decisions on how to

leverage the data for Department purposes.

Bluetooth is a short-range communications protocol that allows authenticated devices to send
limited information between each other. Bluetooth devices are constantly broadcasting a MAC
address in attempting to connect to other Bluetooth-enabled devices. Transportation analysts are
able to intercept these broadcast MAC addresses as individuals pass by a Bluetooth receiver
setup. Bluetooth data is able to obtain travel times and speeds when a unique device is detected
at two or more Bluetooth receiver stations. It is important to remember that Bluetooth in unable
to determine true origin and destination locations. Transportation analysts are able to set up a
cordon, a temporary perimeter around a study area, and obtain timestamps of when an individual
enters and exits the cordon perimeter. Bluetooth technology seems well fitted for single-day
event mitigation and planning (Rescot, 2011), temporary events such as construction projects
(Haseman, 2010), and before-and-after traffic comparisons (Kim et al. 2014). Bluetooth allows
agencies to target specific areas and obtain customized data collection because of its easy
customizable set up. This makes Bluetooth well suited for obtaining real-time estimates of travel
time. Path analysis is possible but difficult without a permanent and extensive setup of Bluetooth

receiver hardware (Jackson and Dichev, 2013).
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GPS is a well-established technology that uses trilateration of satellites orbiting earth with
GPS devices on the surface of the earth. GPS is highly accurate but individual cellphones may
introduce errors of up to 16 feet in open sky conditions (Diggelen & Enge, 2015; Tomastik &
Mokros, 2017). GPS requires a line of sight which makes it less accurate near tall buildings or
natural features. There is a large concentration of GPS data that comes from fleet vehicles which
makes it an attractive data source for those trying to isolate vehicle modes such as commercial
trucking or fleet taxis. GPS data is sold in varied formats depending on the data vendor.
Obtaining raw data gives agencies additional control but may overwhelm agencies because of the
amount of processing that is required to remove extraneous information. GPS is well suited for
O-D application because data contains true start and end points from which home and work
locations can be inferred. This allows data to be used in travel demand models. GPS data also
contain regular ping rates or intervals where a timestamp is created which allows transportation
analysts to identify exact traces through a transportation network. Average travel speeds between
pings are obtainable and sometimes instantaneous speeds are available for each ping. Other
successful applications have included road network construction (Biagiani and Eriksson, 2012),
travel-time reliability indexing (Stimpancic, 2016; Pinjari, 2014), bottleneck identification
(McCormack, 2011; Liao, 2014), duration of stay (Golias, 2012), commodity flow (Zhao, 2020),
and truck parking demand (Diaz-Corro, 2019).

MDD data comes from two main sources: CDR and LBS. LBS data can be collected through
smartphone applications and connections to Wi-Fi networks. Most commonly, LBS data is
collected through smartphone applications which use SDK packages provided to app developers
as building blocks for their apps. Third-party companies allow app developers to use SDKs
which can send user data back to the creator of the SDK. The companies that create and own
SDKSs can then use the data for a variety of purposes including selling aggregated data to
transportation analysis companies. CDR data is generated when individuals call, text, or connect
to the internet through their cellular network. CDR data can also be collected when a signal
jumps to a different cell tower or the company randomly searches for the device. In general,
MDD has well defined start and end points but often lacks intermediate trip data. For this reason,
LBS data — as usually provided by third-party vendors to transportation agencies — often only
contains the start and end points of a trip. MDD has lower spatial accuracy than that of Bluetooth

or GPS, but the sample size tends to be higher because of its multiple collection sources. MDD
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data is best used for input in travel demand models and can identify trip attractions. MDD has

been used with mixed results to determine traffic counts and mode differentiation.

5.2 Recommendations and Catalog
This report contains a number of specific recommendations for UDOT in strategizing,
obtaining, and using third-party data sets for transportation planning and analysis. These

recommendations are summarized here as follows:

1. UDOT staff need to be aware of the source technologies of third-party data sets,
along with their strengths and weaknesses.

2. UDOT should develop consistent data validation routines to identify the inherent
accuracy of purchased data products, and regularly evaluate new data purchases.

3. UDOT should investigate using permanent Bluetooth receivers to measure travel
times between points on key corridors. This may be particularly useful in places
where GPS and cellular reception might be unreliable, such as in canyons.

4. UDOT should not rely on permanent or temporary Bluetooth receivers to analyze trip
origins, destinations, routes, or volumes outside of small, well-defined cordon studies
or institutional settings.

5. UDOT should use GPS data to develop a more complete picture of freight
movements in and through the state.

6. UDOT should continue to investigate the use and applications of aggregate GPS data
in determining speeds on roadways.

7. UDOT should work to develop an integrated transportation planning approach that
relies on the relative strengths of household travel surveys as well as third-party
origin-destination data derived from LBS.

8. UDOT should avoid relying on a single vendor or data source for any of its analyses,

and instead develop processes that make use of multiple data inputs.

Table 5 lists the major strengths and weaknesses of the three passive data sources synthesized
in this report. For more detail on the strength and weaknesses of each individual technology
reference the chapter for each technology. The last column shows a few of the major companies

that sell passive data for transportation purposes.
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Table 5 Major Strengths and Weaknesses of Passive Data and Major Data Companies

Data Source Strengths Weaknesses Major Companies
Bluetooth Temporary event data Obtaining traces through a Blyncsy
collection cordon is difficult TrafficCast (Bluetoad)
Real-time estimates of Hardware setup required
travel time Minor timestamping issues
Customized cordon
studies
Accurate relative to
receivers
GPS High accuracy Low penetration rates ATRI
True O-D data Cell phones may introduce HERE Technologies
Regular ping rates and up to 16 feet error in clear INRIX
intermediate trace data conditions TOM TOM
Travel times from Strong bias from fleet
average speeds as well as vehicle origins
possible instantaneous Technology requires direct
speeds available line of sight
Fleet vehicle origins
allow for targeted mode
data sets such as taxis or
commercial trucking
MDD True O-D data Lack of intermediate trace AirSage
Trip attractions can be data. Data often only Citilabs

identified and used in
travel demand models
Large sample sizes
CDR has low bias, it is
unknown if mobile
application data has
significant bias

More opportunity for
tracking active modes
and mode differentiation

contains start and end
points

Lower spatial accuracy
Data works best in large
O-D areas.

Replica — Sidewalk Labs
StreetLight Data

5.3 Summary

Passive data is a growing market that has many transportation-related applications. This

synthesis report has confirmed that passive data can be a valuable asset to transportation

agencies. Passive data represents an alternative data source and perspective in comparison to

traditional methodologies such as manual counts and travel surveys. After reviewing current

academic literature and interviewing industry professionals who have firsthand experience with

the passive data sources in this report, it is clear that there is no singular data source that can

replace traditional manual data collection methods. Each passive data source has strengths and

weaknesses that make it valuable for certain situations. It is evident that mobile phone use is

continually increasing with increases in mobile application production and use. Bluetooth
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devices are increasingly common in motor vehicles, headsets, cellular phones, and other
consumer electronics. It is unclear if GPS data from physical devices is growing or if data is
shifting towards navigation application on mobile phones. Regardless, GPS equipment is
common in fleet vehicles and provides DOTs with important data sets for specific modes like
taxis and commercial trucks. Literature indicates that these technologies are increasingly

common and often successful in various transportation studies.

Passive data works hand in hand with manually collected data to expose the ground truth.
Passive data sets — like all sampled data — represent a portion of the entire population and
therefore contain inherent bias. It is nearly impossible for a data set to perfectly represent actual
conditions. Passive data sets contain bias such as overrepresenting long-haul trucking
(Bernardin, 2014) that when scaled to represent the total population may further amplify the bias.
Although traditional manual data collection methods can be entirely replaced with passive data,
the combination of passive and manual data sources may reduce bias and error. Several
researchers in literature have noted how RMSE goes down when passive data is input into
various travel models. One interviewed researcher indicated that it is unlikely that passive data
will replace traffic counts completely, but that passive data has the potential of significantly
reducing the regularity or scale of traditional counts. The researcher went on to state that passive
data sources combined with traditional counting methods provide DOTs with a closer
representation of the truth (V. Bernardin, personal communications, July 2020). This trend is
likely to occur across many transportation applications that use manual data collection. Passive
data could be used as a preliminary analysis tool to identify areas that need further attention.
Using passive data to identify areas of interest will help agencies better allocate human
resources. In conclusion, passive data is a quick and valuable tool that can help agencies obtain
results closer to the ground truth.
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